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CHAPTER 1

Inflammatory bowel disease

Heterogeneous disorder
Inflammatory bowel disease (IBD) is a chronic disorder of the gastrointestinal (GI) tract in 
which patients experience periods of inflammation alternating with periods of remission. 
Crohn’s disease (CD) and ulcerative colitis (UC) are the two main forms of IBD. In CD, 
inflammation can occur throughout the entire GI-tract and can be transmural, whereas in 
UC inflammation is mucosal and only located in the colon.1,2 IBD has a prevalence ranging 
from 28.2 to 322 for CD and 43.1 to 412 for UC per 100.000 individuals in Western Europe.3 
The onset of IBD presents at a relatively young age, on average between 20 and 40 years 
of age.1,2 The symptoms accompanying IBD include abdominal pain, diarrhoea, fatigue, 
rectal bleeding and weight loss. Patients can also develop extra-intestinal manifestation 
like arthritis, uveitis and spondyloarthritis or complications like colorectal carcinoma, 
fistulae and abscesses.4 The disease course is very variable across patients with IBD; some 
patients regularly experience periods of inflammation with the accompanying symptoms, 
whilst others stay in remission for a long time and experience few symptoms throughout 
their disease course.1,2 Taken together, all the differences observed in patients with IBD, 
including in disease location, disease course, occurrence of extra intestinal manifestations 
and complications, illustrate the heterogenous nature of IBD (Figure 1). 

The golden standard for diagnosing IBD is performing an endoscopy in which 
intestinal biopsies are taken for histological assessment for the presence of microscopic 
inflammation.5 If, however, no signs of IBD are detected via endoscopy, histological 
assessment or other tools used to make the diagnosis, IBD can be excluded, and the 
diagnosis of irritable bowel syndrome (IBS) is often made. IBS is a condition based on 
GI complaints in combination with alterations in bowel habits. It is the most commonly 
diagnosed disorder of the GI tract, although other causes for these symptoms should be 
excluded by procedures like endoscopies before an IBS diagnosis is made.6 Considering 
that endoscopies are an invasive procedure for patients, a less invasive diagnostic tool is 
very much needed in patients with GI complaints.7 
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Figure 1. The heterogeneous nature of inflammatory bowel disease. 

IBD management
The heterogeneous nature of IBD poses a major challenge in treating this disease. 
Collectively, drugs used for IBD management are aimed at 1) reducing inflammation 
during a disease exacerbation and 2) maintaining remission after induction therapy.8 The 
management of IBD consists of drugs including 5-aminosalicyclic acid, corticosteroids, 
immunosuppressants like thiopurines, and biologicals like TNFα antibody therapies.1,2 
In recent years, more monoclonal antibodies have become available for treating IBD, 
for example the a4b7 integrin inhibitor vedolizumab and the interleukin 12/interleukin 
23 inhibitor ustekinumab. Moreover, small molecules have become available, such as 
the JAK inhibitor tofacitinib.9 However, most of these treatments have significant side 
effects, are expensive and often prove to be ineffective.10 While the initiation of biological 
therapies in IBD was at first reserved for a later stage in the disease course, more evidence 
is becoming available that supports starting biologicals earlier in the disease course in 
order to prevent irreversible damage of the intestine.11 Current guidelines therefore state 
that early initiation of biologicals could be considered for patients who have an aggressive 
disease course or belong to the high-risk group.10 Factors determining which patients 
belong to this high-risk group, however, have limited predictive power.12,13 Besides drugs, 
surgical interventions are also part of IBD management. Half of patients (25%-30% UC, 70-
75% CD) require surgical interventions during their disease course because of refractory 
disease, fibrostenotic disease, abscesses, fistulae, or the development of colorectal 
cancer.14,15 In UC, this surgical intervention mostly consists of a colectomy, resulting in an 
ileostoma or an ileal pouch-anal anastomosis.16 In CD, depending on the disease location, 
disease behaviour and extent of the affected intestine, the surgical intervention includes 

Disease location

Disease course

Extra intestinal manifestations

Complications

Response to therapy

Figure 1: The heterogenous nature of IBD
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resecting affected parts of the colon or small intestine.17 Currently, very few clinical 
parameters or biomarkers are available that can predict how a patient’s disease course 
will develop and/or how the patients will respond to specific treatments. Finding the 
optimal treatment for each individual IBD patient can therefore be challenging.10 

Unravelling IBD pathogenesis 
In order to improve the efficacy of therapeutic management of IBD, major efforts 
have been made to better understand the pathogenesis of IBD, which is still not fully 
understood. The current hypothesis is that IBD arises in an individual who is genetically 
susceptible and who has an inappropriate activation of the GI immune system. This 
immunological activation consists of, amongst other factors, an impaired epithelial 
barrier function, impaired autophagy and the production of pro-inflammatory cytokines. 
This is thought to occur in response to commensal bacteria or pathobionts that reside in 
the gut.18,19 Host genetics has been studied by multiple genome-wide association studies, 
and these have identified more than 200 IBD risk loci, some of which are involved in the 
immune system.20,21 These risk loci have also been shown to interact with microbes in 
the gut, with the NOD2 or CARD9 genes being two well-studied examples.22,23 On top of 
that, environmental factors or the exposome, including the use of antibiotics, smoking 
and a Western diet, have been identified as risk factors for IBD development.24,25 While 
none of these elements (genetics, environment or microbiota) can individually predict or 
explain the disease pathobiology, it is believed that the interaction of multiple factors is 
the potential cause of the disease.26,27 

Studying the gut microbiota in inflammatory bowel 
disease

Gut microbiota in human health
In recent years, interest in studying the gut microbiota, i.e. all the microbes that 
collectively live in the GI tract, has grown tremendously.28 More and more evidence 
has become available that the microbes residing in the gut form an entire ecosystem 
in which complex interactions between each of its members, as well as with the host 
and environmental factors, take place.29 This ecosystem is involved in critical functions, 
including participating in the immune response, digesting the food we eat, metabolizing 
drugs, as well as many other functions.30-32 Its implication in general health as well as 
in a broad range of chronic diseases, including cancer, metabolic disorders, psychiatric 
diseases, and inflammatory disorders like IBD have been widely studied.26,27,33-37 

Gut microbiota research in IBD and its potential for clinical application
Before the start of my own scientific journey, multiple associations had been made 
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linking IBD with alterations in the gut microbiota composition. Mice administered with 
antibiotics or kept in germ-free conditions were, for example, significantly protected 
against the development of colitis.38 Even though an IBD-specific signature of the gut 
microbiota had not yet been identified, IBD was known for having a decreased microbial 
richness in humans.39,40 In addition, certain gut bacterial shifts have been identified 
to be associated with IBD, for example a decrease of Faecalibacterium prausnitzii and 
Roseburia hominis. Both these bacteria are butyrate producers and known to have anti-
inflammatory properties.40,41 

Even though these results had contributed significantly to our understanding of the 
pathogenesis of IBD, it had proven to be very difficult to translate these findings towards 
clinical practice. In other disorders, however, the potential of the gut microbiota for clinical 
application had been shown. One example is the treatment with the anti-cancer drug 
cyclophosphamide. Tumour-bearing mice that had been either treated with antibiotics 
or were germ-free had tumours that were resistant to this cancer treatment.42 One of 
the first indications in which the gut microbiota itself was used as treatment – in the 
form of faecal microbiota transplantations – was in patients with bacterial overgrowth 
of Clostridium difficile after intensive antibiotics treatment.43 Further exploring the gut 
microbiota composition in IBD, while also taking the heterogeneous nature of the disease 
into account, will help us to develop new diagnostic tools and treatment options and 
thereby facilitate clinical applications in IBD. 

Development of gut microbial research 
Our ability to study the gut microbiota to this wide an extent was made possible by 
the development of culture-independent sequencing techniques to characterize the 
gut microbiota. At first, microbial species were identified via culturing each microbe 
separately, which was very time-consuming and expensive.28 Additionally, using this 
method, it was hard to identify microbes that are difficult to grow in a lab environment, 
for example anaerobes.44 Through the development of 16S rRNA sequencing and 
shotgun metagenomic sequencing, two culture-independent techniques that were 
used to obtain the results described in this thesis, it became possible to study multiple 
microbes at the same time at a relatively low cost.45,46 In 16S rRNA sequencing, the gene 
that encodes the small subunits of the prokaryotic ribosome is sequenced. This gene is 
present in most bacteria and archaea and consists of genetic regions that are variable 
and regions that are conserved. The combination of low mutation rates present in the 
conserved region and the higher mutation rates in the variable regions then allows us 
to characterize bacteria and archaea by using reference databases.45 In metagenomic 
sequencing, the entire genetic content – not solely the 16S rRNA gene – is sequenced. 
Therefore, a higher resolution can be reached by identifying bacteria up to species and 
even strain level. By also analysing the sequenced microbial genes, more microbial 
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features can be identified, such as the functions of the microbial ecosystem, their 
implications in antibiotic resistance and mechanisms of virulence factors.46-49 Given the 
rapid developments in the methods used to study the microbes in the gut, reaching a 
consensus about the appropriate terminology has been challenging.50 In this thesis, the 
gut microbiota is defined as the presence of all microbes that are collectively residing the 
gut ecosystem, whereas the gut microbiome is defined as the collection of all microbial 
genetic content present in this ecosystem.28,50 

The use of well-phenotyped cohorts
In the context of a heterogeneous disease like IBD, it is important to collect disease-
specific phenotypes including disease location, the presence of inflammation and 
factors involved in IBD management, like certain medications and intestinal resections, 
which can potentially have an impact on the gut microbiota composition. On top of 
these factors, other host characteristics and life-style factors are also part of the patient/
participant information that is important to capture when designing a microbiota study. 
Large population studies have shown the relation between these factors and the inter-
individual variation in terms of gut microbiome composition.26,27 

In this thesis, six cohorts were used for which extensive phenotypic data was available. 
First, we made use of two IBD cohorts, both from the University Medical Center Groningen 
(UMCG). One was a subset of the 1000IBD cohort for whom faecal samples were available 
(n=544). This cohort consists of patients with IBD from the UMCG, and the collection of 
biomaterials such as faecal samples and intestinal biopsies, clinical features and genetics 
was ongoing throughout the course of this thesis with the aim to collect this information 
for 1000 patients with IBD.51 The second cohort consists of patients with IBD treated with 
vedolizumab (n=50) from whom faecal samples were collected prior to and 14 weeks 
after start vedolizumab treatment. Furthermore, we made use of a subset of the Lifelines 
cohort Lifelines DEEP (n=1539). Lifelines consists of 167,000 volunteers from the general 
population residing within the three Northern provinces of the Netherlands, for whom 
extensive phenotypic data was collected via questionnaires, including data on lifestyle, 
diet, medication use and diseases. In addition to the phenotypic data collected for 
Lifelines DEEP, there are also additional biomaterials available, such as blood and faecal 
samples. From these biomaterials, multiple ‘omics levels were established, including 
metagenomics and host genetic data.52,53 We also used the IBS cohort from Maastricht 
University Medical Center (n=336). This cohort consists of patients with IBS who were 
diagnosed by a gastroenterologist, meaning that they underwent extensive medical 
examinations to exclude other causes of their GI complaints. These patients were grouped 
with age- and sex-matched controls without GI complaints.54 Finally, we made use of two 
Dutch cohorts from the Radboud University Medical Center Nijmegen. The first, 500FG, 
consists of healthy volunteers (n=534).55 The second, 300OB, consists of individuals with 
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a BMI higher than 27 (n=302) in whom the presence of obesity-related comorbidities has 
been assessed.56 

This thesis - Aims and outline 

The aim of my scientific work was to explore the role of the gut microbiota in the context 
of gastrointestinal disorders and, more specifically, in IBD. Furthermore, considering my 
medical background, I aimed to translate these findings towards clinical practice by using 
genetic information and gut microbial findings in IBD management. 

Part I - Exploring the role of the gut microbiota in IBD
The first part of this thesis aims to gain understanding of IBD by exploring the role of the 
gut microbiota in the disease. The work presented in chapter 2 shows the alterations in 
the gut microbiota associated with IBD. By using the metagenomes derived from faecal 
samples, I show differences in the microbial functions, virulence factors and antibiotic 
resistance in IBD compared to the general population and patients with IBS. Furthermore, 
I describe the potential for clinical application by showing that the gut microbiota can 
be used as a diagnostic tool to distinguish between IBD and IBS. To gain insight into 
how the microbes identified in chapter 2 potentially interact with the other members of 
the gut microbiota in its ecosystem, I constructed microbial co-abundance networks in 
chapter 3. In chapters 4 and 5, specific questions are addressed concerning IBD-specific 
factors. Since most gut microbiota studies are based on faecal samples, reflecting the 
colonic microbiota, and the small intestine plays an important role in the host, in chapter 
4 I aimed to explore the small intestinal microbiota. Here I used the metagenomes of 
faecal samples collected from patients with IBD with an ileostomy or ileoanal pouch 
representing the small intestinal microbiota. The metagenomes of these patients were 
compared to the metagenomes of the general population and the remaining patients 
with IBD, with or without having intestinal resections prior to faecal sample collection. 
Considering the importance of validating already identified gut microbiota findings, in 
chapter 5 I aimed to replicate the interaction of the SLC39A8 missense variant and the 
gut microbiota by using 16S rRNA sequencing data from patients with IBD and healthy 
controls from Lifelines-DEEP. 

Part II: Clinical translation – drugs and (meta)genomics 
In the second part of the thesis, the focus shifts towards the clinical translation of the 
findings, in particular towards the relation of genetics and the gut microbiota to drugs in 
patients with IBD. Major improvements can be made in order to make drug development 
more efficient in IBD. In chapter 6, we show how we could use current knowledge on 
genetic information in IBD to identify new drug targets or to reposition existing drugs for 
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the IBD diagnosis. In chapter 7 we focused on the IBD drug vedolizumab, by collecting 
the faecal samples before and after start of the treatment in order to study the role of 
the gut microbiota in treatment response of vedolizumab in IBD. In this study, we also 
assessed the role of 92 proteins determined from the serum samples of these patients in 
order to predict treatment response. Under the hypothesis that drugs show interactions 
with the gut microbiota, in chapter 8 we studied the impact of 41 commonly used drugs 
on the gut microbiota composition. For this, we used the general population cohort as 
our IBD cohort, in which comorbidities and polypharmacy are more common. In chapter 
9, we describe our vision and future perspectives on how to improve the study of the 
gut microbiota in IBD and how these improvements lead towards clinical application of 
the findings. These include the use of the gut microbiota as a diagnostic tool, a predictor 
of treatment response and in IBD treatment. In chapter 10, I provide an overview of the 
main findings of this thesis, their impact on the field and their limitations. Lastly, I discuss 
my view on how the field should progress and how we could use the gut microbiota in 
IBD clinical practice. 
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Abstract

Changes in the gut microbiota have been associated with two of the most common 
gastrointestinal diseases, inflammatory bowel disease (IBD) and irritable bowel 
syndrome (IBS). Here, we performed a case-control analysis using shotgun metagenomic 
sequencing of stool samples from 1792 individuals with IBD and IBS compared with 
control individuals in the general population. Despite substantial overlap between the 
gut microbiome of patients with IBD and IBS compared with control individuals, we were 
able to use gut microbiota composition differences to distinguish patients with IBD from 
those with IBS. By combining species-level profiles and strain-level profiles with bacterial 
growth rates, metabolic functions, antibiotic resistance, and virulence factor analyses, 
we identified key bacterial species that may be involved in two common gastrointestinal 
diseases
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Introduction

Inflammatory bowel disease (IBD) and irritable bowel syndrome (IBS) are two of the 
most common gastrointestinal (GI) disorders, affecting 0.3 to 0.5% and 7 to 21% of the 
worldwide population, respectively. Both disorders impose a large burden on patients, 
impairing their quality of life as well as their ability to work and function socially.1,2 In 
addition, the economic burden of these disorders in the United States and Europe 
exceeds 10 billion dollars a year in direct health care costs and indirect economic costs.2,3

IBD, comprising Crohn’s disease (CD) and ulcerative colitis (UC), is a chronic intermittent 
disorder characterized by intestinal inflammation. IBS is defined as a combination of 
GI symptoms, including abdominal pain, constipation, or diarrhea.4 Patients with IBD 
and IBS may have similar symptoms, but whereas the pathogenesis of IBD consists of 
mucosal inflammation, the pathogenesis of IBS remains poorly understood, and there is 
no causative anatomical or biochemical abnormality that can be used to diagnose IBS.2

The gut microbiota is presumed to play a large role in both IBD and IBS.5,6 However, 
thus far, large-scale gut microbiome sequencing associated with IBD and IBS compared 
with healthy controls has only been accomplished using low-resolution 16S ribosomal 
RNA (rRNA) marker gene sequencing.7-9 Functional studies have so far only focused on 
single bacterial species or strains in the gut. Here, we aimed to bridge the gap between 
previous 16S rRNA sequencing studies and functional studies by identifying complete 
gut microbiome profiles using high-resolution shotgun metagenomic sequencing and 
looking at both the species level and strain level in stool samples from individuals with 
IBS or IBD. We also aimed to identify potential targets for microbiome-targeted therapy 
by analyzing microbial pathways, antibiotic resistance, and virulence factors in the gut 
microbiota of patients with IBS and IBD compared with control individuals in the general 
population.

We undertook high-resolution shotgun metagenomic sequencing of stool samples from 
three well-phenotyped Dutch cohorts: LifeLines DEEP, a general population cohort, the 
University Medical Center of Groningen IBD (UMCG IBD) cohort, and the Maastricht IBS 
(MIBS) case-control cohort. In total, we analyzed stool samples from 1792 participants: 
355 patients with IBD, 412 patients with IBS, and 1025 controls (Table S1).
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Results 

Species-level and strain-level identification shows microbiome signatures 
in stool samples from patients with IBD or IBS. 
Species-level and strain-level identification of the gut microbiome was necessary 
to identify potential disease-associated microbes that could be cultured and then 
investigated in functional studies. First, we assessed the overall composition (Figure 1) 
and the microbial alpha diversity (Figure S1) of the gut microbiome of stool samples from 
control individuals and those with IBS or IBD. 

Figure 1. Principal coordinate analysis of Bray-Curtis dissimilarities showing the gut 
microbiome spectrum of 1792 human fecal metagenomes. The first principal coordinate is 
represented by the x axis, and the second principal coordinate is represented by the y axis. 
The relative abundance of the three most abundant bacterial phyla—Actinobacteria (A), 
Bacteroidetes (B), and Firmicutes (C)—underlies the first two principal coordinates (PCos). 
The metagenomes of patients with IBS (D) or IBD (E) differed from those of the population 
controls (IBD versus control PCo1, P = 1.20 x 10-5; PCo2, P = 2.20 x 10-16; IBS versus control PCo1, P 
= 8.05 x 10-6; PCo2 P = 6.72 x 10-7; two-sided unpaired Wilcoxon rank-sum test) and from each 
other (PCo1, P = 2.22 x 10-7; PCo2, P = 5.06 x 10-12). On average, as schematically depicted (F), 
controls had more Actinobacteria in their stool than did patients with IBD or IBS. Patients 
with IBS had more Firmicutes and less Bacteroidetes than did controls. In contrast, patients 
with IBD had less Firmicutes and more Bacteroidetes than did controls.
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Next, we performed association analyses of the relative taxonomy abundance for each 
group of individuals (Table S2), correcting for 26 previously identified confounding 
factors (Table S3).10 In total, 219 of the 477 identified nonredundant taxa were associated 
with patients with CD (Table S4), 102 taxa with patients with UC (Table S5), and 66 taxa 
with patients with IBS who had been diagnosed by a gastroenterologist (IBS-GE; Table S6) 
[significance threshold for all associations, false discovery rate (FDR) < 0.01]. Patients with 
CD or UC showed similar dysbiotic gut microbiome profiles. Of the 102 UC-associated 
bacterial taxa, 87 were also found to be associated with the gut microbiome profiles of 
patients with CD. However, we also identified 15 UC-specific associations, including the 
species Bacteroides uniformis (FDR = 8.31 × 10−5; Table S5) and Bifidobacterium bifidum 
(FDR = 6.78 × 10−7; Table S5). 

Compared with controls, patients with IBD and patients with IBS-GE showed substantial 
overlap in the increase and decrease in the relative abundance of bacterial species in 
their gut microbiome. In total, 24 taxa were associated with both IBD and IBS (Table S7 
and Figure S2). These associations included a decrease in several butyrate-producing 
bacteria, including Faecalibacterium prausnitzii, a known beneficial bacterium with anti-
inflammatory properties that was lower in individuals with CD or IBS-GE (FDR = 1.85 × 10−34 
or 7.30 × 10−6, respectively; Table S9). No significant differences were observed in patients 
with UC compared with controls (FDR = 0.93; Table S9), although a trend toward lower 
Faecalibacterium prausnitzii was observed in patients with UC with active disease, defined 
as Simple Clinical Colitis Activity Index values above 2.5 (P = 0.05, FDR = 0.39; Table S9). 

In addition to the 24 overlapping associations, we also found disease-specific associations. 
The abundance of Bacteroides species, for example, was only increased in patients with 
IBD but not in those with IBS (Table S9). Bacteroides are typically symbionts but can also 
be opportunistic pathogens.11 In this study, observed increases in patients with CD or 
UC included Bacteroides fragilis (FDR

CD
 = 1.33 × 10−5, FDR

UC
 = 0.0039; Table S9), previously 

linked to impaired bacterial tolerance handling by CD-associated genetic variation in the 
genes NOD2 and ATG16L1, and Bacteroides vulgatus (FDR

CD
 = 1.00 × 10−9; Table S4), linked 

to pathogenesis of CD and NOD2 host genetic variants.12,13 An increase in species of the 
Enterobacteriaceae family was observed only in patients with CD (Table S9), including 
increases in Escherichia/Shigella species, which are known to invade the gut mucosal 
epithelium, cause bloody diarrhea, and ulceration of the colon.14 Moreover, the abundance 
of species such as Bifidobacterium longum that are capable of resisting enteric infections by 
Shigella species was lower in patients with CD (FDR

CD
 = 6.13 × 10−6; Table S4).15 IBS-GE was 

associated with an increase in several Streptococcus species (Table S6). In contrast, there 
were no significant alterations in the gut microbiome associated with an IBS diagnosis 
based on questionnaire responses (IBS-POP; Table S8). However, when a looser significance 
threshold was applied, the decreased abundance of Faecalibacterium prausnitzii and the 
increase in Streptococcus species could be replicated (FDR < 0.1; Table S8). 
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Figure 2. Gut microbiota species associated with CD, UC, and IBS-GE compared with controls. 
Statistically significant results (FDR < 0.01) of the case-control multivariate model analyses 
are depicted. Per microbial family, the number of species that were increased (orange) or 
decreased (blue) is shown including 134 species in CD belonging to 24 families, 58 species in 
UC belonging to 21 families, and 37 species in IBS-GE belonging to 15 families.

We next asked how disease state affected strain-level diversity. We hypothesized that if 
conditions favored the growth of pathogenic bacteria, then the strain diversity of those 
organisms may increase compared with diversity values in healthy individuals. Conversely, 
for beneficial microbes, if these organisms were more likely to be lost from the gut or to suffer 
from generally reduced population sizes, then population bottlenecks may reduce diversity. 
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We investigated bacterial strain diversity in stool samples from patients with IBD or 
IBS by assessing the genetic heterozygosity in a set of marker genes. We consistently 
found increased strain diversity in likely pathogenic species and reduced strain diversity 
in beneficial species in stool samples from patients with IBD or IBS compared with 
controls. In total, we found that strain diversity of 21, 15, or 1 bacterial species was altered 
in patients with CD, UC, and IBS-GE, respectively (FDR < 0.01; Table S10). For example, 
in patients with CD, UC, and IBS-GE, the strain diversity of the beneficial bacterium 
Faecalibacterium prausnitzii (FDR

CD
 = 1.34 × 10−13, FDR

UC
 = 1.87 × 10−7, FDR

IBS-GE 
= 3.56 × 

10−5, and FDR
IBS-POP 

= 0.03) was decreased (Table S10). In stool samples from patients with 
CD or UC, the strain abundance of Roseburia intestinalis decreased (FDR

CD
 = 3.30 × 10−13, 

FDR
UC

 = 2.56 × 10−9; Table S10). Roseburia species are acetate-to-butyrate converters that 

Figure 3. Differences in bacterial abundance, bacterial strain diversity, and bacterial growth 
rates of key species in patients with IBD and IBS and controls. (A) Bar plots representing the 
heterozygosity values within bacterial species are shown; SEs are indicated. Heterozygosity 
is used as an estimation of the strain diversity within a species. Higher heterozygosity values 
indicate the presence of multiple strains of the same species. Each bar represents a cohort: 
Controls are depicted in purple, patients with CD in blue, patients with UC in gray, patients 
with IBS-GE in yellow, and patients with IBS-POP in red. Each asterisk indicates significant 
differences when comparing to controls (FDR < 0.01). (B) Heatmaps indicate significant 
changes in relative abundance and growth rates [peak-to-trough ratio algorithm (PTR)] 
of each bacterial species in disease cohorts compared with controls. Red boxes indicate a 
significant increase, and blue boxes a significant decrease (FDR < 0.01). 
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reside in the intestinal mucus layer, where they have anti-inflammatory effects. For some 
bacteria, e.g., Faecalibacterium prausnitzii, both the abundance and the strain diversity 
were decreased in IBD or IBS-GE (Tables S9 and S10). However, for other bacteria, e.g., 
Roseburia intestinalis, the abundance was not altered in the disease, whereas the strain 
diversity did decrease (Figure 3 and Tables S9 and S10).

Different bacterial growth dynamics are observed in stool samples from 
patients with inflammatory bowel disease or irritable bowel syndrome. 
Cross-sectional studies provide an overview of the relative abundance of bacterial 
taxa at a single time point and therefore do not capture the complex dynamics of the 
microbial ecosystems in the gut of patients with IBD or IBS. Recently, it has been shown 
that bacterial growth dynamics could be inferred from a single metagenomic sample 
by studying the pattern of sequencing read coverage [peak-to- trough ratio (PTR)] 
across the gut bacterial genomes.16 The assessment of disease-associated growth rate 
differences could help to identify actively growing bacteria and, hence, could help to 
prioritize disease-associated taxonomy results. In our dataset, bacterial growth rates 
could be determined for 40 species and were altered in four species in patients with CD, 
five species in patients with UC, and one species in patients with IBS-GE, compared with 
control individuals (FDR < 0.01) (Table S11). In patients with CD, the bacterial growth rates 
of Bacteroides fragilis (FDR

CD
 = 0.005) and Escherichia coli (FDR

CD
 = 0.0004) were increased 

compared with controls (Table S11).

Gut microbiota composition can be used to distinguish IBD from IBS-GE
Given the observed differences in gut microbiome between patients with IBD and IBS-
GE, we investigated the use of microbial taxonomy markers as potential predictors of 
disease. Because of the substantial overlap in clinical presentation, it can be difficult for 
a general practitioner or gastroenterologist to distinguish between IBD and IBS, and 
colonoscopies are performed in a large number of patients to reach the correct diagnosis. 
We applied a machine learning technique based on generalized linear models with 
penalized maximum likelihoods to our gut microbiome data. To overcome the lack of an 
independent replication cohort, the prediction accuracy was estimated by performing 
a 10-fold cross-validation, dividing the disease cohort into a 90% training set and a 10% 
discovery set. 

The microbial composition showed a better prediction accuracy [area under the curve 
(AUC)mean = 0.91 (0.81 to 0.99)] than the currently used fecal inflammation biomarker 
calprotectin [AUCmean = 0.80 (0.71 to 0.88); P = 0.002, two-sided paired Wilcoxon rank-
sum test; Table S12]. Only minor differences in the ability to discriminate between IBD 
and IBS were observed when using either the microbial taxonomy data or the microbial 
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pathways or both datasets combined (Table S12). Next, a selection of the top 20 
taxonomies (Table S13) with the largest effect size in the prediction model was tested, 
resulting in an AUC mean of 0.90. The use of the top five taxonomies also led to a similar 
prediction accuracy as fecal calprotectin measurements (milligrams per kilogram; top 
five taxa, AUC mean = 0.81 and AUC calprotectin = 0.80; Tables S12 and S13). When we 
combined the fecal calprotectin measurements with the top 20 selected taxonomies, the 
model reached the highest prediction accuracy (AUC mean = 0.93; Figure 4 and Table 
S13).

Figure 4. Prediction model to distinguish IBD from IBS. Shown is a receiver operating 
characteristic curve (ROC) describing the prediction accuracy of three different models 
calculated using a 10-fold cross-validation. The black line represents the prediction accuracy 
when using age, sex, and body mass index of each participant to discriminate between 
patients with IBD or IBS-GE. When adding fecal calpro- tectin measurements to the model 
(blue line), the AUC achieved a mean value of 0.80. Adding the relative abundance of the 
top 20 most discriminating bacterial taxa (red line) improved the classification accuracy 
power (AUC = 0.90).
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Metagenomic analysis reveals functional changes in the gut microbiota in 
stool samples from patients with IBD and IBS 
Metagenomic sequencing enabled the determination of the functional capacity of the 
gut microbiome from patients with CD, UC, or IBS-GE. In stool samples from patients 
with CD, UC, or IBS-GE, a number of microbial pathways were altered compared with 
those of controls (175, 61, or 38 altered pathways, respectively; FDR < 0.01; Tables S14 
and S15). We identified both overlap and differences in microbial functions that included 
the synthesis of amino acids, neurotransmitters, and vitamins, as well as the regulation 
of mineral absorption and the degradation of complex carbohydrates (Table S15). The 
fermentation of pyruvate to butanoate, a butyrate precursor, was decreased in stool 
samples from patients with IBD and IBS-GE (CENTFERM_PWY, FDR

IBD
 = 6.10 × 10−10, FDR

IBS-

GE 
= 6.57 × 10−5; Table S15). In patients with CD, the decreased fermentation pathways, the 

higher sugar degradation, and the increased biosynthesis of quinones formed a microbial 
environment characteristic of inflammation (Table S15). In patients with UC, pathways 
producing butyrate and acetate were decreased (e.g., PWY_5676, FDR

UC
 = 0.0029), and 

pathways producing lactate were increased (ANAEROFRUCAT_PWY, FDR
UC

 = 0.0004; 
P122_PWY, FDR

UC
 = 0.0001; Table S15). However, in patients with IBS-GE, the metabolic 

signatures were characterized by increased fermentation (e.g., FERMENTATION_PWY, 
FDR

IBS-GE
 = 6.24 × 10−7) and carbohydrate degradation pathways (e.g., LACTOSE- CAT_

PWY, FDR
IBS-GE

 = 0.0016; Table S15).

We found alterations in several microbial L-arginine pathways, suggesting that there may 
be depletion of L-arginine in patients with CD. Three microbial l-arginine biosynthesis 
pathways were decreased in patients with CD (PWY_7400, FDR

CD
 = 0.0007; ARGSYN_PWY, 

FDR
CD

 = 0.0003; ARGSYNBSUB_PWY, FDR
CD

 =1.01 × 10−9; Table S15). Vitamins can act as 
antioxidants, one example being vitamin B2 or riboflavin. Several flavin pathways were 
decreased in patients with CD (PWY_6167, FDR

CD
 = 2.29 × 10−6; PWY_6168, FDR

CD
 = 1.47 × 

10−6; RIBOSYN2_PWY, FDR
CD

 = 0.0003; Table S15) and UC (PWY_6167, FDR
UC

 = 0.01; Table 
S15).

Patients with IBD or IBS show increased abundance of virulence factors in 
their gut microbiota
Virulence factors contribute to the pathogenic potential of bacteria through several 
mechanisms, including increased adhesion of bacteria to the gut mucosa, immune 
system evasion, or suppression of the host immune response. We assessed the homology 
between our metagenomic reads and the protein sequences from the Virulence Factor 
Database (VFDB). Among patients with CD, UC, IBS-GE, or IBS-POP, the relative abundance 
of 262 virulence factors was increased compared with controls (FDR < 0.01; Table S16). 
In patients with CD, the abundance of 216 virulence factors was increased (Table S16). 
Proteins belonging to different iron uptake pathways were increased, including the 
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yersiniabactins ybt (FDR
ybt-a 

= 0.002, FDR
ybt-s 

= 3.40 × 10−7, FDR
ybt-t 

= 5.12 × 10−7, FDR
ybt-u 

= 
4.20 × 10−7, and FDR

ybt-x 
= 2.95 × 10−7) usually found in Yersinia pestis and the enterobactin 

proteins entA-F (FDR < 6.78 × 10−5) and entS (FDR 2.30 × 10−8) usually found in E. coli 
(Table S16). The abundance of enterobactins correlated with the relative abundance of 
Enterobacteriales (Spearman coefficient, rho = 0.8; FDR < 0.01; Table S16).

This increase in virulence factors was also reflected in an increase in the enterobactin 
pathway in patients with CD (ENTBACSYN_PWY, FDR = 0.006; Table S15). Many pathogens 
have acquired efficient iron uptake mechanisms that give them a survival advantage in 
low iron environments.17-20 This was reflected in alterations in several microbial iron uptake 
pathways in patients with CD (HEME-BIOSYNTHESIS-II, PWY-5918, and PWY-5920, FDR < 
0.01; Table S15). In patients with UC, 35 virulence factors were increased, for example, the 
relative abundance of MU-toxin and its transport protein complex containing nagI, nagJ, 
and nagL were increased (FDR

nagI
 = 3.56 × 10−5, FDR

nagJ
 = 4.59 × 10−13, and FDR

nagL
 = 9.11 × 

10−9; Table S16).

Changes in the microbiome composition in patients with IBD and IBS have 
an impact in the antibiotic resistance load 
Metagenomic sequencing provides the opportunity to study the resistome of patients with 
IBD or IBS on a large scale. To see whether increases in antibiotic resistance were present 
in the gut microbiota of patients with IBD or IBS, we assessed the homology between 
metagenomic reads and protein sequences from the antibiotic resistance database, 
Comprehensive Antibiotic Resistance Database (CARD). Subsequently, to identify the 
microbes that potentially harbored the antibiotic resistance proteins, we correlated the 
abundance of antibiotic resistance genes with taxonomy abundance. In patients with 
CD, the abundance of 142 genes encoding antibiotic resistance proteins was higher than 
that in controls. Of these antibiotic resistance proteins, 63 were components of efflux 
complexes that remove antibiotics from the bacteria, thereby preventing the antibiotics 
from working effectively (Table S17). These efflux complexes consist of three proteins 
that span the inner membrane, the periplasm, and the outer membrane of bacteria. 
Some efflux pumps can only transport one specific type of antibiotic, whereas other 
efflux pumps, called multidrug efflux pumps, can transport several types of antibiotics. 
The antibiotic resistance protein TolC, which was increased in patients with CD (FDR 
= 5.26 × 10−6; Table S17), is an outer membrane protein comprising several multidrug 
efflux pumps. TolC is often combined with other inner membrane and periplasmic efflux 
proteins including AcrA, AcrB, MdtA/B/C, MdtE/F, emrA/B, and emrK/Y. The abundance 
of these proteins was also increased in patients with CD (FDR

crA
 = 1.41 × 10−9, FDR

AcrB
 = 

4.60 × 10−11, FDR
MdtA

 = 4.75 ×10−5, FDR
MdtB

 = 0.002, FDR
MdtC

 = 2.28 × 10−15, FDR
MdtE

 = 0.005, 
FDR

MdtF
 = 0.0001, FDR

emrA
 = 1.23 × 10−5, FDR

emrB
 = 2.99 × 10−8, FDR

emrK
 = 2.54 × 10−8, and 

FDR
emrY

 = 8.83 × 10−9; Table S17). The abundance of TolC in patients with CD correlated 
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with taxonomy abundance of the genus Escherichia that was also increased (Spearman 
coefficient, rho = 0.80; FDR < 1.0 × 10−16; Table S17). In patients with UC, the abundance of 
66 genes encoding antibiotic resistance proteins was higher than that in controls. One of 
the highest differentially abundant antibiotic resistance proteins in patients with UC was 
cepA (FDR = 4.85 × 10−12; Table S17). This antibiotic resistance protein is a b-lactamase, an 
enzyme mediating resistance to b-lactam antibiotics, including the frequently prescribed 
antibiotics amoxicillin and penicillin.21 The abundance of the antibiotic resistance gene 
cepA correlated with the abundance of the genus Bacteroides, which was increased in 
patients with UC and CD (Spearman coefficient, rho = 0.86; FDR < 1.0 × 10−16; Table S17). 
Several genes encoding for antibiotic resistance proteins were increased in patients with 
IBS, and the abundance of 32 antibiotic resistance genes was increased in patients with 
IBS-GE compared with controls. One of most increased antibiotic resistance proteins in 
patients with IBS-GE was mecB (FDR = 0.0001; Table S17), which is involved in resistance 
to methicillin. This protein is usually found in species belonging to the Macrococcus 
genus, which is closely related to the Staphylococcus genus.22 In patients with IBS-POP, 
the abundance of 13 genes encoding for antibiotic resistance proteins was increased 
compared with controls, including PBP2x (FDR = 0.0056; Table S17), a penicillin-binding 
protein. PBP2x, usually found in Streptococcus pneumoniae,23 was highly correlated with 
the taxonomy abundance of the genus Streptococcus (Spearman coefficient, rho = 0.91; 
FDR < 1.0 × 10−16; Table S17) in our gut microbiome data. We investigated whether current 
antibiotic use correlated with the presence of antibiotic resistance genes, but only a few 
individuals were taking antibiotics, and no statistically significant associations were 
found.

Gut microbiota changes are associated with disease-specific factors and 
disease subphenotypes
Previous studies have established that the composition of the gut microbiota is influenced 
by over 100 intrinsic and extrinsic factors (e.g., dietary factors, medications, disease, and 
anthropometric factors) in the general population.10,24 However, in IBD and IBS, both 
the gut microbiota composition and various phenotypes (e.g., defecation frequency, 
medication use, and previously performed GI surgical interventions) may be altered. 
Therefore, we recalculated the relation between intrinsic and extrinsic factors and the 
overall microbial composition (Bray-Curtis dissimilarities), alpha diversity (Shannon 
index), and gene richness (Tables S18 to S21 and Figure 5). These results, together with the 
correlations of the intrinsic and extrinsic factors (Tables S22 to S25), resulted in the lists of 
factors that were included in subsequent association analyses (Table S26). Univariate and 
multivariate within-cases association analyses were performed on taxonomy (Tables S27 
to S34) and microbial pathways (Tables S35 to S43). In CD, only 1% of the microbial variance 
could be explained by inflammatory disease activity (FDR = 0.077; Table S18). In contrast, 
ileocecal resection in patients with CD resulting in the removal of the ileocecal valve 
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Figure 5. Associated phenotypes for microbial richness and gut microbiota composition. 
Shown are associated phenotypes for microbial richness and gut microbiota composition 
in four disease cohorts: (A) CD, (B) UC, (C) IBS-GE, (D) IBS-POP. In the bar plots, the x axis 
represents the explained variance of each phenotype on gut microbiota composition 
expressed as Bray-Curtis (BC) dissimilarities. Black bars indicate statistical significance (FDR 
< 0.1). The heatmap indicates significant positive correlations (red) or negative correlations 
(blue) between phenotypes and microbial richness (Shannon index) and bacterial gene 
richness (the number of different microbial gene families per sample). PPI, proton pump 
inhibitors; SSCAI, Simple Clinical Colitis Activity Index; SSRI, Selective Serotonin Reuptake 
Inhibitor.
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was the factor that explained 5% of the variance (FDR = 0.00159; Table S18). The absence 
of the ileocecal valve was associated with a decrease in microbial and gene richness, 
specifically with decreases in the beneficial bacterium Faecalibacterium prausnitzii (FDR

CD-

ileal 
= 8.01 × 10−10; Table S27) and the Ruminococcaceae family (FDR

CD-ileal
 = 4.63 × 10−10; 

Table S27) and an increase in Fusobacterium (FDR
CD-ileal

 = 0.002; Table S27). This suggested 
that removing the ileocecal valve had negative consequences for the gut microbiota of 
patients with IBD. Vitamin D supplementation in patients with CD was associated with 
a decreased abundance of Akkermansia muciniphila (FDR

CD
 = 0.19; Table S27), a mucin-

degrading bacterium that grows in a low-fiber environment.25

Discussion

The use of shotgun metagenomic sequencing data allowed us to explore the complexity 
of the gut microbial ecosystem with high resolution. We were also able to describe some 
important characteristics of the microbial community, including the strain diversity, 
the growth dynamics, and the presence of genes involved in bacterial virulence and in 
antibiotic resistance mechanisms that can provide an adaptive advantage to opportunistic 
and pathogenic microbes. We also explored the changes in microbial pathway profiles, 
providing relevant information on the functional consequences of microbiome dysbiosis. 
The integration of these datasets allowed us to pinpoint key species as targets for functional 
studies in IBD and IBS (Figure 3) and to connect knowledge of the etiology and pathogenesis 
of IBD and IBS with the gut microbiome to provide potential new targets for treatment.

Before our results can be translated into clinical practice, much more additional evidence 
is required to overcome the limitations of our study. The relevance of the microbial 
pathways described in this study needs to be supported by metatranscriptomics and 
metabolomics data, as well as functional experiments. We have described the resistome 
and virulence factor abundance in the gut microbiota of patients with IBD or IBS. However, 
to identify the relevant mechanisms associated with GI disease, experiments based on 
culturomics and whole-genome sequencing of specific bacterial strains are needed. In 
addition, replication in independent cohorts, including in patients with other GI disorders 
or pre-diagnostic groups, will be needed to validate the sensitivity and specificity of our 
prediction model. In this study, we made use of two cohorts consisting of patients already 
diagnosed with IBD or IBS. Therefore, our prediction model does not reflect the clinical 
situation where treatment-naïve patients or patients with other comorbidities could 
present with different microbiome characteristics. Moreover, variations in laboratory 
protocols, sequencing techniques, or geographical origin of samples may also influence 
the accuracy of our model. Cross-sectional cohorts of patients with established disease 
allowed us to find the influence of many different sub-phenotypes; however, these 
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cohorts can only provide limited insight into the mechanisms underlying the onset of IBD 
or IBS. Longitudinal studies will help to determine the dynamics of the disease, as well as 
distinguishing the microbial features that are causal from those that are consequences of 
disease. Another limitation of this study was the relatively low numbers of well-defined 
patients with IBS. Therefore, we could not perform an in-depth characterization of the 
IBS subphenotypes such as patients with constipation or diarrhea.

The availability of many phenotypic characteristics, e.g., medication use or lifestyle, for 
each participant in our study enabled us to perform a strict case-control analysis while 
taking important confounding factors into account. The use of well-characterized cohorts 
should become a common practice when studying the microbiome in a disease context. 
The use of drugs such as proton pump inhibitors or laxatives, which are more often 
used by patients with IBD or IBS, has a large impact on the gut microbiota composition. 
Considering these effects, correction for these medications is essential for identifying 
disease-associated microbial features and avoiding false-positive associations due to 
changes in GI acidity or bowel mobility. In addition, our study provides new information 
about the effects of lifestyle and medication on microbiome composition and function 
in patients with IBD or IBS and finds associations between microbial signatures and the 
subphenotypes of IBD and IBS. Whereas disease activity explains a large proportion 
of the variation in microbial composition in patients with UC, disease location and 
gut resections have a large impact on the gut ecosystem in patients with CD. This fact 
highlights the importance of collecting and considering disease-specific phenotypes 
when analyzing the microbial composition of patients with IBD or IBS.

Dysbiosis of the gut microbiota was observed in patients with IBD. The two main subtypes 
of IBD (CD and UC) showed substantial overlap in their gut microbial signatures. These 
shared signatures could be an indicator of gut inflammation. However, when compared 
with controls, the microbial changes in patients with CD were larger than those in 
patients with UC. This is concordant with previous studies that identified inflammation 
of the ileum as one of the main drivers of differential microbiome signatures between 
CD and UC.7,26 Furthermore, in patients with CD, the removal of the ileocecal valve was 
found to be associated with a reduction in microbiome richness (Figure 5) and a decrease 
in pathways involved in the degradation of primary bile acids (Table S35). These findings 
are consistent with clinical observations of bile acid malabsorption in patients with 
IBD.27 In addition, absence of the ileocecal valve was related to a decrease in the relative 
abundance of Faecalibacterium prausnitzii. This is an anaerobic bacterium that is sensitive 
to small changes in bile salt concentrations.28 Oxidative stress produced by inflammation 
in the gut, together with a decrease in antioxidant biosynthesis pathways and changes 
in bile acid metabolism, could explain the observed reduction in Faecalibacterium 
prausnitzii solely in the CD subtype of IBD. A moderate decrease in Faecalibacterium 
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prausnitzii accompanied by an increase in the abundance of Streptococcus species was 
the main characteristic of the gut microbiota of participants with IBS symptoms based 
on ROME-III criteria; this was consistent with similar changes observed in the clinical IBS 
cohort. Larger changes in gut microbiota composition were observed in the IBS cohort 
defined by a gastroenterologist, including a decrease in butyrate-producing bacteria 
and an increase in taxa belonging to the Actinomyces, Streptococcus, and Blautia genera. 
Although no significant differences were observed between the gut microbiotas of IBS 
subtypes, when comparing patients with IBS with diarrhea to controls, an increase in the 
relative abundance of Eggerthella lenta and a decrease in the sulfate-reducing bacterial 
family Desulfovibrionaceae were observed.

Although the gut microbiota composition has been described as stable across individuals 
in different population cohorts even in the presence of high interindividual taxonomic 
variation,10 a large number of microbial pathways were shown to be disrupted in patients 
with IBD or IBS. Our comprehensive analyses of microbial pathways provide relevant 
information that can help in the design of better therapeutics aimed at restoring the 
microbial ecosystem in patients with IBD or IBS. Thus far, the results of prebiotic, probiotic, 
dietary, and fecal transplantation interventions meant to invoke beneficial changes 
in the gut microbiome in IBD and IBS have been disappointing. However, focusing on 
interventions that change the functions of the gut microbiota could be more successful. 
For example, combining antioxidant vitamin supplementation with fecal microbiome 
transplantation or Faecalibacterium prausnitzii probiotics could protect anaerobic bacteria 
from oxidative stress during intestinal inflammation; providing l-arginine supplements to 
patients with CD could enhance wound healing in the damaged gut.

Our study also found more evidence for mechanisms implicated in the maintenance of 
gut health. For example, in patients with IBD, we found a reduction in the methanogenesis 
pathway (Table S15). This pathway is strongly correlated with the presence of 
Methanobacteria, of which Methanobrevibacter smithii is the most abundant species.29 
Another example is our observed reduction in pathways that produce hydrogen sulfide 
in patients with IBD (e.g., SO4ASSIM-PWY and PWY-821; Table S15). Although the effect of 
changes in concentrations of hydrogen sulfide is still being debated, several studies have 
shown that this molecule could have antioxidant and immune-regulatory properties.30

Virulence factors are key features for the selective advantage of potentially pathogenic 
bacteria over common members of the healthy gut microbiota. Mechanisms that alter the 
mucosal composition or increase bacterial adhesion, secretion of toxins, or competition 
with the host for resources could contribute to IBD and IBS pathogenesis. So far, studies 
of virulence mechanisms in the context of GI diseases have focused on specific groups 
of bacteria such as adherent-invasive E. coli and microbial proteases.31,32 By exploring the 



39

GUT MICROBIOTA COMPOSITION AND FUNCTIONAL CHANGES IN INFLAMMATORY BOWEL DISEASE 
AND IRRITABLE BOWEL SYNDROME

2

pathogenic potential of the gut microbiota community in IBD and IBS, we were able to 
identify other potential targets such as Mu-toxin in patients with UC. Although these 
findings still need to be validated by targeted approaches or transcriptomic analyses, 
the virulence factor associations we present provide a better understanding of the 
pathogenesis of both disorders.

The changes we identified in gut microbiota composition and functional potential in 
patients with IBD and IBS could lead to new tools that assist diagnosis in clinical practice. 
Sophisticated models that include a combination of different blood or stool biomarkers 
and that have been validated in a replication cohort are required to design new 
diagnostic tests. Our results suggest that in the future the use of probes directed at key 
bacterial species could complement fecal calprotectin measurements in distinguishing 
the diagnosis of IBS and IBD.

Materials and methods

Study design
The aims of this cross-sectional study were to describe the features of the gut microbiota 
of patients with IBD or IBS and to compare them to those of control individuals from the 
general population. We analyzed fecal metagenomes of 1792 individuals. We combined 
species-level profiles and strain-level profiles with bacterial growth rates, metabolic 
function, antibiotic resistance, and virulence factor analyses to identify key bacterial 
species that may be involved in GI diseases.

The following three cohorts from the Netherlands were used: LifeLines DEEP, UMCG IBD 
cohort, and MIBS cohort. IBD was diagnosed by a gastroenterologist based on accepted 
radiological, endoscopic, and histopathological evaluation. Of the 355 patients with IBD, 
208 patients were diagnosed with CD, 126 patients with UC, and 21 patients with IBD-
unclassified/indeterminate. We included two groups of IBS patients: The IBS-GE group 
consisted of 181 patients with IBS who were diagnosed by a gastroenterologist or other 
physician, and the IBS-POP group consisted of 231 patients with IBS from the general 
population whose IBS was determined on the basis of self-reported ROME-III diagnostic 
criteria. The control group was defined as individuals from the LifeLine Deep cohort (n = 
893) and MIBS (n = 132) without GI complaints. Multiple questionnaires were sent out to 
all participants in all cohorts to collect a wide range of uniformly processed phenotypes 
including disease activity, disease complaints, diet, and medication use. Each participant 
signed an informed consent form before participation in the cohort according to the 
UMCG Institutional Review Board (IRB; #M12.113965, 2008.338) and the Maastricht 
University Medical Center (MUMC+) IRB (#MEC 08-2.066.7/pl).
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Sample collection, metagenomic sequencing and microbiome characterization
Each participant collected a single stool sample at home, which was frozen or refrigerated 
immediately after stool production. All the samples were then processed after the same 
pipeline in one laboratory (UMCG, Groningen). Fecal DNA was isolated, and metagenomic 
shotgun sequencing was performed as previously described using the Illumina HiSeq,10 
generating on average 30 million reads (~3 Gb) per sample. After filtering for quality, 1792 
gut metagenomes were used in all subsequent analyses. All metagenomic sequencing 
data were processed using the same extensive processing pipeline: (i) bacterial, viral, 
and micro-eukaryote abundances were determined using Kraken; (ii) strain diversity 
was determined by computing the heterozygosity of polymorphic loci within bacterial 
species; (iii) bacterial growth rates were estimated using a previously published peak-to-
trough ratio algorithm; (iv) microbial genes and pathways were determined using the 
HUMAnN2 software and the MetaCyc reference; and (v) the abundances of antibiotic 
resistance proteins and virulence factors were identified by aligning the metagenomic 
reads to protein sequences in the CARD and VFDB, respectively.16,33-36

Statistical analyses
All statistical analyses were conducted in R (v 3.3.2). To compare the collected phenotypes 
of the disease cohort with the population controls, a χ2 test was used for binary data. 
Categorical data were tested using either the two-sided unpaired t test for normally 
distributed data or the two-sided unpaired Wilcoxon rank-sum test for non-normally 
distributed data. The Spearman coefficient was used to evaluate the correlation between 
phenotypes and the correlation between microbiome features. The proportion of 
explained variance of each phenotype on the microbial composition dissimilarities was 
evaluated using a PERMANOVA test implemented in the adonis function in the vegan R 
package (v.2.4-1). The association between microbiome features and disease phenotypes 
was tested using linear models with Maaslin R library (v.0.0.4). Disease phenotype 
prediction tests based on microbiome features were constructed using elastic net linear 
models from glmnet R package (v.2.0-10), and the comparison between the goodness 
of fit of each model was tested using the two-sided paired Wilcoxon rank-sum test. The 
Benjamini and Hochberg procedure was used to adjust P values for multiple comparisons. 
An FDR <0.01 was considered statistically significant. A detailed description of the 
methods can be found in Supplementary Materials and Methods and Figures S3 to S6.

Supplementary materials 
www.sciencetranslationalmedicine.org/cgi/content/full/10/472/eaap8914/DC1 
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Abstract 

The gut microbiome is an ecosystem that involves complex interactions. Currently, our 
knowledge about the role of the gut microbiome in health and disease relies mainly on 
differential microbial abundance, and little is known about the role of microbial interactions 
in the context of human disease. Here we construct and compare microbial co-abundance 
networks using 2,379 metagenomes from four human cohorts: an inflammatory bowel 
disease (IBD) cohort, an obese cohort and two population-based cohorts. We find that 
the strengths of 38.6% of species co-abundances and 64.3% of pathway co-abundances 
vary significantly between cohorts, with 113 species and 1,050 pathway co-abundances 
showing IBD-specific effects and 281 pathway co-abundances showing obesity-specific 
effects. We can also replicate these IBD microbial co-abundances in longitudinal data 
from the IBD cohort of the integrative human microbiome (iHMP-IBD) project. Our study 
identifies several key species and pathways in IBD and obesity and provides evidence 
that altered microbial abundances in disease can reflect their co-abundance relationship, 
which expands our current knowledge regarding microbial dysbiosis in disease.
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Introduction

The human gut harbours a diverse community of microorganisms that interact closely 
with both the host and each other. Gut microorganisms are involved in digestion and 
degradation of nutrients, maintenance of digestive tract integrity, stimulation of the host 
immune system and modulation of the host metabolism.1-5 In recent years, associations 
have been identified between gut microbiome composition and the development of 
certain human diseases including diabetes, cardiovascular disorders, obesity and chronic 
gastrointestinal disorders like inflammatory bowel disease (IBD).6-14 Most associations 
to human diseases have been linked to lower microbial diversity, altered microbial 
composition and differing abundances of certain microorganisms and pathways.3,8,15-19 
However, the gut microbiome is an ecosystem in which microbes can exchange or 
compete for nutrients, signalling molecules, or immune-evasion mechanisms through 
complicated ecological interactions that are far from fully understood.20-22 Enthusiasm 
has thus been rising to decipher these microbial interactions in order to detect key 
microbes in health and disease.23,24 One way of doing this is to create co-abundance 
networks based on correlations, a method that has the potential to study interactions 
between microbes and thereby generate hypotheses for experimental validation at a 
later stage.23,24

Various network inference tools have been developed and applied to infer microbial 
taxonomic networks in healthy individuals and in individuals with extreme longevity, 
gestational diabetes, Crohn’s disease and colorectal cancer.25-35 These studies have 
identified microbial genera that are potentially key in health and disease, e.g. 
Porphyromonas and Bacteroides in gestational diabetes.33 However, these previous studies 
were either based on 16S rRNA sequencing data, which yields limited information on 
microbial species and pathways, or carried out in small cohorts.30-34 A further limitation 
of 16S sequencing is that it can only identify microbial networks up to genus level. As 
different bacterial species can have very different functional properties, analysis at 
genus level cannot fully capture the biochemical interactions between microbes. In 
consequence, the importance of metabolic network construction from metagenomics 
data has recently been highlighted.24,36,37

Here we present a metagenomics-based network analysis for bacterial species and 
metabolic pathways in 2,379 individuals from four cohorts from the Netherlands (Figure 
S1): an IBD cohort (n=496), an obesity cohort (300OB, n=298) and two population-based 
cohorts (Lifelines-DEEP (LLD, n=1,135) and 500FG (n=450)). We compare the microbial 
taxonomic and functional networks under different host health conditions and identify 
potential key species and pathways that shape host-associated microbial networks (Figure 
1). We find that the microbial species and pathway co-abundances vary significantly 
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between cohorts and report IBD- and obesity-specific co-abundance networks, which 
expands our current knowledge regarding microbial dysbiosis in disease. The network 
key species and pathways identified in IBD and obesity highlight their potential roles in 
regulating the microbial ecosystem in disease.

Results

Construction of gut microbial co-abundance networks 
Metagenomic data of the 2,379 participants from the four cohorts was processed using the 
same pipeline (Figure 1). Principle coordinate analysis showed that microbial composition 
and functional profiles are largely overlapped, although we observed a significant shift 
in species composition in the IBD cohort (Figure S2). A total of 134 bacterial species and 
343 microbial pathways that were present in more than 20% of the samples in at least 
one cohort were included for microbial network inference. We established microbial 
co-abundance relationships by combining the SparCC and SpiecEasi methods.29,38 For 
species networks, we identified 2,604 co-abundances in the LLD cohort, 1,591 in the 
500FG cohort, 1,107 in the 300OB cohort and 2,554 in the IBD cohort, yielding 3,454 
unique species co-abundances in total (FDR<0.05, Figure 2a, Data S1). Notably, 82.1% of 
the species co-abundances also exhibited co-occurrence (Figure S3, Data S1 & S2). For 
pathways, the numbers of co-abundances ranged from 37,279 in 500FG to 40,699 in LLD, 
yielding a total of 43,355 unique pathway co-abundances (FDR<0.05, Figure 2b, Data 
S3). Since absence rate of bacterial pathways is much less than in bacterial species, only 
29.6% of pathway co-abundances showed co-occurrence (Figure S3, Data S3 & S4). The 
co-occurrence results are summarized and further discussed in Note S1.

Microbial co-abundance strength varies between cohorts
We hypothesized that co-abundance strengths could be different depending on host 
physiological status. We thus assessed to what extent the correlation coefficients were 
variable across cohorts and characterized variable co-abundance relationships for 38.6% 
of the species co-abundances and 64.3% of the pathway co-abundances (Cochran-Q test, 
FDR<0.05, Data S1 & S3). 

Differential microbial co-abundances are reflected in abundance levels
When zooming in on the 100 species and 304 pathways that were involved in variable 
co-abundances, 76% of these species and 84% of these pathways also showed significant 
differences in their abundance levels among cohorts (ANOVA test FDR<0.05, Data S5 & S6). 
This implies that the variable co-abundance relationship is largely reflected by differential 
microbial abundance. We summarized the number of differential co-abundances between 
species from the same genus or from different genera (Figure 3a). The genus with the 
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Figure 1. Analysis workflow of present study.
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most heterogeneous co-abundances was Streptococcus, and a large number of variable 
co-abundances were observed not only between different Streptococcus species, but also 
between Streptococcus species and species from other genera such as Eubacterium and 
Veillonella (Figure 3a). In particular, Streptococcus species were higher in the IBD cohort, 
consistent with the results of previous studies.14,39 A similar observation was found for 
the pathway co-abundances, particularly for amino acid biosynthesis pathways, which 
showed variability not only within themselves but also with respect to various pathways 
related to nucleoside and nucleotide biosynthesis (Figure 3b).

Specific microbial co-abundances are enriched in disease cohorts 
Next, we analysed whether the variable co-abundance relationships were driven by 
a particular cohort, i.e. whether the co-abundance strength in one cohort was very 
different from those in the other three cohorts. After correcting for the age and sex 
differences between cohorts, 120 species co-abundances (Figure S4) and 1,448 pathway 
co-abundances (Figure S5) still showed cohort-specificity with an FDR of 7.6%, as 
estimated by permutation (Data S1 & S3). Interestingly, cohort-specific co-abundances 
were significantly enriched in the disease cohorts compared to the population-based 
cohorts: 113 (94%) species co-abundances and 1,050 (72%) pathway co-abundances were 
specifically related to the IBD cohort (Fisher’s test P=1.2x10-56 and P<10-260, respectively, 
Figure 3c & d) and 281 (19.4%) pathway co-abundances were specifically related to the 
300OB cohort (Fisher’s test P=2.9x10-29), as compared to only 3 species and 117 pathway 
co-abundance relationships specific to the population-based cohorts LLD and 500FG 

Figure 2. Microbial co-abundance networks in each cohort. a. Venn diagram of the numbers 
of species co-abundances detected in each cohort. In total, we identified 3,454 co-abundance 
relationships significant at FDR<0.05 in at least one cohort by combing SparCC and 
SpiecEasi. b. Venn diagram of numbers of species co-abundances detected in each cohort. 
Similarly, at microbial metabolic pathway level, 43,355 co-abundance relationships were 
detected at FDR<0.05.
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(Figure 3c & d). Our results highlight that microbial co-abundances are dependent on 
host health and disease status. Below we discuss the microbial co-abundance networks 
in IBD and 300OB in more detail, further replicate our findings in independent cohorts, 
and assess the relevance of disease subtypes, disease characteristics and medication 
usage.

Figure 3. Differential and cohort-specific microbial co-abundances. a. Differential species 
co-abundances involved in 45 microbial genera. b. Differential pathway co-abundances 
involved in 41 microbial metabolic categories. Each dot indicates one microbial genus or 
metabolic category. Each line represents differential species or pathway co-abundances 
between species or pathways from either the same or different genera or metabolic 
categories. The width and darkness of the lines represent the relative number of differential 
co-abundances. c. Pie chart of 120 cohort-specific species co-abundances showing the 
proportion of specific co-abundances detected in each cohort. d. Pie chart of 1,448 cohort-
specific pathway co-abundances showing the proportion of specific co-abundances detected 
in each cohort.
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The microbial co-abundance network in IBD

Replication of the IBD network in the iHMP-IBD cohort 

Of the 2,554 species and 37,699 pathway co-abundances established in our IBD cohort, 
we were able to assess 2,090 species co-abundances and 37,106 pathway co-abundances 
in 77 IBD individuals from the integrative Human Microbiome Project (iHMP-IBD).39 In 
the baseline samples of the iHMP-IBD cohort, 531 species co-abundances (25.4%) and 
21,882 (59.0%) pathway co-abundance could be replicated at P<0.05 (Data S7 & S8).39 The 
relatively low replication rate in species co-abundances is largely a power issue, as we 
also observed that 1,705 (81.6%) species co-abundances and 24,165 (65.1%) pathway co-
abundances showed no significant difference in their co-abundance strengths between 
our IBD cohort and the iHMP-IBD cohort (Cochran-Q test, P>0.05, Figure S6, Data S7 & S8). 
We then compared the IBD networks between the first and last time points of the iHMP-
IBD cohort (~1 year apart) and replicated 90.6% of species co-abundances and 99.6% of 
pathway co-abundances (Cochran-Q test, P>0.05, Figure S6, Data S7 & S8). This suggests 
that our estimation of co-abundance strengths in IBD was largely replicable in a different 
cohort and was stable across time. 

Microbial networks of IBD in relation to disease characteristics 

Previous studies have shown that observed microbial abundance differences could be 
explained by certain disease characteristics of IBD.14 We therefore hypothesized that this 
could also be the case for co-abundance relationships. We assessed whether IBD co-
abundances (including IBD co-abundances at FDR<0.05 and IBD-specific co-abundances) 
could be related to the disease subtypes [ulcerative colitis (UC, n=189) vs. Crohn’s disease 
(CD, n=276)], disease location [ileum (n=212) vs. colon (n=286)] and disease activity 
[inflammation (n=121) vs. no inflammation (n=377)] (Table S1). Most of the co-abundance 
relationships were comparable between disease characteristics, and only a few showed 
significant differences at FDR<0.05 (Figure S7, Data S9 & S10), namely 16 species co-
abundances related to disease subtypes and 8 species co-abundances related to location. 
For the pathway co-abundances, 91 were related to disease subtypes, 24 to location 
and 3 to activity (Cochran-Q test FDR<0.05, Figure S7). Out of these, five co-abundance 
relationships were related to an important butyrate producer, Faecalibacterium prausnitzii, 
which showed stronger co-abundance relationships in UC compared to CD. One example 
here was the negative co-abundance relationship of Faecalibacterium prausnitzii with 
Haemophilus parainfluenzae, a species known to have pathogenic properties.40

Microbial networks of IBD in relation to medication 

We further tested whether drug usage can affect microbial co-abundance, as usage of 
antibiotics (20.0%) and proton pump inhibitors (PPIs, 26.5%) was higher in patients with 
IBD than in the general population cohorts (1.1% and 8.4%) (Table S1). Here we detected 
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no significant difference in species co-abundances between antibiotic users and non-
users (Cochran-Q test FDR>0.05, Figure S7), while 1,049 out of 37,959 (3.7%) pathway co-
abundance relationships showed statistically significant differences between PPI users 
and non-users, in particular related to the isoprene biosynthesis and methylerythritol 
phosphate pathways (Cochran-Q test FDR<0.05, Figure S7, Data S10). 

Key species and pathways in IBD

We identified 113 species co-abundances and 1,050 pathway co-abundances that showed 
significantly different effects compared to the other three cohorts. We then assessed 
whether these IBD-specific co-abundances were highly connected to a specific pathway 
or species which may be disease-relevant, and our analysis identified three key species 
and four key pathways for IBD (Figure 4). Key species included Escherichia coli, Oxalobacter 
formigenes and Actinomyces graevenitzii. Escherichia coli and Oxalobacte formigenes have 
previously been associated to IBD (Figure 4a, Data S5).14,24,45-49 Interestingly, Escherichia 
coli shows positive co-abundance relationships with species with pro-inflammatory 
properties, like Streptococcus mutans, and negative co-abundance relationships with 
species with anti-inflammatory properties, like Faecalibacterium prausnitzii (Data S1). 
The key species we identified for IBD, Actinomyces graevenitzii, is a microbe that is most 
often identified in the oral cavity or respiratory tract.41 Key IBD pathways included a 
C1 compound utilization and assimilation pathway (P23-PWY: reductive TCA cycle I), 
two vitamin biosynthesis pathways (FOLSYN-PWY: superpathway of tetrahydrofolate 
biosynthesis and salvage and PWY-6612: superpathway of tetrahydrofolate biosynthesis) 
and an amino acid biosynthesis pathway (PWY-5505: L-glutamate and L-glutamine 
biosynthesis) (Figure 4b, Data S6). The top key functional pathway in IBD was the reductive 
TCA cycle pathway (P23-PWY), which had 76 IBD-specific co-abundances, and 94.7% of 
these were replicated in the iHMP-IBD cohort (Data S3 & S6). The reductive TCA cycle 
has been recognized as a primordial pathway for the production of organic molecules 
for the biosynthesis of sugars, lipids, amino acids, pyrimidines and menaquinone (Figure 
5a).42 For instance, one IBD-specific co-abundance relationship was related to the 
biosynthesis of menaquinone (PWY-5837), which is also known as vitamin K2. The co-
abundance relationship for this pathway in IBD (r=0.1) was weaker than in other cohorts 
(r=0.3) (Figure 5b), despite the higher abundance of this pathway in IBD (FDR<0.05, Figure 
5C, Data S6). Escherichia coli is known to be an important species for the biosynthesis 
of menaquinone, a growth-promoting factor for a variety of microorganisms in the gut 
microbiota.43 In line with this, we found that 18.8% of the menaquinone biosynthesis 
pathway in IBD patients was contributed by Escherichia coli, two times higher than in 
the two population-based cohorts (Wilcoxon-test P<3.0x10-11) (Data S11). This finding 
suggests Escherichia coli as an important contributor to menaquinone biosynthesis in IBD 
that may promote the growth of other microorganisms. Indeed, our study also revealed 
Escherichia coli as a key IBD species, exerting IBD-specific co-abundance relationships with 
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15 species (Data S5). Of these, strong positive correlation was observed for inflammation-
related Streptococcus species, including Streptococcus mutans, Streptococcus vestibularis 
and Streptococcus infantis (Figure 5D).44-46 Accordingly, higher correlations were observed 
between menaquinone biosynthesis and Streptococcus species in IBD than in the other 
cohorts (Figure 5e, Data S12).

Figure 4. Cohort-specific species and pathway co-abundances. a. Cohort-specific co-
abundances identified for three key species in the IBD cohort, involving 33 IBD-specific 
co-abundances. Each dot indicates one species. Red indicates IBD key species. Each line 
represents one IBD-specific co-abundance relationship. b. Cohort-specific co-abundances 
identified for four key pathways in IBD and one key pathway in 300OB, involving 385 
cohort-specific co-abundances. Each line represents a cohort-specific correlation between 
two pathways. Yellow lines represent obesity-specific co-abundances. Grey lines represent 
IBD-specific co-abundances. Each dot indicates one pathway. Pathways belonging to the 
same metabolic category have the same colour and are clustered as sub-circles. Colour 
legends are shown in the plot.
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Figure 5. Menaquinone biosynthesis related to Streptococcus overgrowth in IBD. a. 
Menaquinone biosynthesis (PWY-5837) from the reductive TCA cycle (P23-PWY) in bacteria. b. 
The menaquinone biosynthesis pathway shows IBD-specific interaction with the reductive 
TCA cycle pathway. c. Both menaquinone biosynthesis and reductive TCA cycle pathway 
abundance are significantly higher (ANOVA test, FDR<0.05) in the IBD cohort than in the 
two population-based cohorts. Box plots show medians and the first and third quartiles (the 
25th and 75th percentiles) of abundance after correcting for age and sex, respectively. The 
upper and lower whiskers extend the largest and smallest value no further than 1.5*IQR, 
respectively. Outliers are plotted individually. (Source data is provided as a Source Data 
file) d. Three Streptococcus species show IBD-specific co-abundance with Escherichia coli. 
e. The menaquinone biosynthesis pathway shows strong positive correlation with three 
Streptococcus species in IBD. N=2379 independent samples are involved (NLLD=1135, N500FG=450, 
N300OB=298, NIBD=496). The forest plots show co-abundance strength and direction in each 
cohort, with square dot for the correlation coefficient and the bar for the 95% confidence 
interval.
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The microbial co-abundance network in 300OB
Replication of 300OB network in LLD obese individuals. 1,107 species and 37,886 pathway 
co-abundances were detected in the 300OB cohort (Figure 2). These estimated co-
abundance strengths were largely replicable in 134 obese individuals with matched age 
and BMI from the LLD cohort, with 991 (89.5%) species co-abundances and 32,963 (87.0%) 
pathway co-abundances showing no difference (Cochran-Q test P>0.05, Figure S8, Data 
S13 & S14).

Microbial networks in relation to obesity-related diseases

The 300OB cohort was set up to study cardiovascular disease in obese individuals, 
including 139 patients with atherosclerotic plaque and 159 obese controls (Table S1). 
In addition, 35 300OB participants had diabetes. Here we observed only three species 
co-abundances related to cardiovascular disease, with all three showing stronger co-
abundances in patients with plaque than in patients without (Cochran-Q test FDR<0.05, 
Figure S9, Data S13 & S14). These were positive co-abundances between Dorea longticatena 
and Dorea formicigenerans and negative co-abundances of Lachnospiraceae bacterium 
9.1.43BFAA with Coprococcus comes and Dorea longicatena.  

Key pathways in obesity 

When we compared microbial co-abundances in the 300OB to the other three cohorts, 
we identified 281 pathway co-abundances that showed a significantly different effect, 
i.e. obesity-specific co-abundances. One key pathway in obesity was degradation of 
allantoin (PWY0-41, Figure 4b, Data S6), which showed obesity-specific co-abundance 
relationships with 85 pathways. Allantoin is one of the active principles in various plants, 
e.g. yams, and is found to enhance insulin secretion and lower plasma glucose.47,48 Its 
degradation product, oxamate, plays an inhibitory role in oxaloacetate/aspartate amino 
acids.49 In line with this, we found that the allantoin degradation pathway showed 
stronger negative correlations with the biosynthesis pathways of oxaloacetate/aspartate 
amino acids (including lysine, homoserine, methionine, threonine and isoleucine) and 
the biosynthesis pathway of aspartate (PWY0-781, Figure 6), which were both positively 
associated with fasting glucose level and negatively associated with fasting insulin level 
(P<0.05, Table S2).
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Discussion

This study is a microbial co-abundance network analysis based on metagenomics data, 
involving 2,379 participants from two population-based cohorts (LifeLines-DEEP and 
500FG) and two disease cohorts (IBD and 300OB). We report 3,454 species and 43,355 
pathway co-abundance relationships that were significant in at least one cohort. Among 
them, the effect sizes of 38.6% of species co-abundances and 64.3% of pathway co-
abundances were significantly different between cohorts. In particular, 113 species 
co-abundances and 1,050 pathway co-abundances showed IBD cohort-specific effects 
and 281 pathway co-abundances had specific effects in the 300OB cohort. Our study 
provides evidence that microbial dysbiosis can be reflected in alterations in microbial 
co-abundance. 

Our study yielded several findings. We identified three species and four pathways 
in IBD and one pathway in 300OB that served as key players in disease-specific co-
abundance networks. Key IBD-associated species included Escherichia coli and 
Oxalobacter formigenes.14,50,51 A higher abundance of the pathogenic species Escherichia 
coli has previously been associated to IBD, likely due to an increased release of 
oxidized haemoglobin into the intestinal lumen as a result of chronic inflammation 
of the gastrointestinal walls.50-53 Consistent with this, we replicated high abundances 
of Escherichia coli and low abundances of anaerobic metabolism pathways in IBD. 
Escherichia coli also showed strong positive co-abundance with other inflammation-
inducing species in IBD, including streptococcus species such as Streptococcus mutans, 
Streptococcus vestibularis and Streptococcus infantis.44-46 In contrast, these co-abundances 
were either weak or negative in our population-based and obesity cohorts. We further 
identified Actinomyces graevenitzii as a key species in IBD. Although no evidence supports 
a direct role for Actinomyces in the pathogenesis of IBD, Actinomyces graevenitzii has 
been associated to celiac disease in children and can induce actinomycosis, with 
both conditions sharing similar abdominal pathologies with IBD.54-57 Two case reports 
have also suggested that Actinomyces may aggravate the intestinal injuries caused by 
inflammation.58,59  

The top key functional pathway in IBD was the reductive TCA cycle pathway (P23-PWY), 
which had 76 IBD-specific co-abundances. Interestingly, the key IBD species Escherichia 
coli is known to be an important species for the biosynthesis of menaquinone, a growth-
promoting factor for a variety of microorganisms in the gut microbiota.43 In line with 
this, we found that 18.8% of the menaquinone biosynthesis pathway in IBD patients 
was attributed to Escherichia coli, which is two-times higher than in the two population-
based cohorts (Wilcoxon-test P<3.0x10-11). Another notable IBD key pathway is the 
tetrahydrofolate pathway, which is responsible for folic acid derivative biosynthesis 
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and supplementation of folic acid. This pathway has been shown to reduce the risk of 
colorectal cancer in IBD patients.60 Interestingly, previous research has shown that oral 
intake of L-glutamine attenuates the colitis induced by dextran sulfate sodium in mice.61 
We identified a negative co-abundance with L-glutamine biosynthesis and biosynthesis 
of other amino acids like L-isoleucine and L-methionine. Previous research showed that 
both these amino acids play an important role in the immune system.62,63 L-glutamine 
has been tested as supplement in patients with IBD, but did not show improvements 
in clinical outcomes like disease activity scores.64 Our results show large numbers of 
connections for L-glutamine with other pathways such as the biosynthesis of other 
amino acids. These pathways might also be of interest when exploring L-glutamine as an 
intervention for IBD. 

In obesity, we identified the allantoin degradation pathway as a key pathway, showing 
obesity-specific co-abundance relationship to 85 pathways, mainly negative correlations 
with biosynthesis of oxaloacetate/aspartate amino acids. These pathways are related to 
insulin secretion and glucose metabolism. However, their co-abundance relationships 
did not show significant differences between patients and non-diabetic individuals, 
which is likely due to a power issue as there were only 35 diabetic patients in 300OB. 
Instead, we found three species co-abundances related to presence of artheriosclerotic 
plaque, involving Dorea longticatena, Dorea formicigenerans, Lachnospiraceae bacterium 
9.1.43BFAA and Coprococcus comes. Notably, D. Longticatena and Lachnospiraceae species 
have been linked to atherosclerotic cardiovascular disease.9

Altogether, our analyses show that microbial dysbiosis in disease may not be driven 
solely by differences in abundance level, it may also reflect shifts in microbial interactions 
that are mirrored in co-abundance analyses. Particularly when applied to metagenomics 
sequence data, pathway-based co-abundance networks provide further insights 
into functional dysbiosis in IBD and obesity. However, we also acknowledge several 
limitations of our study. This is an in-silico network analysis based on correlation in 
bacterial abundance levels. Even with the large sample size, our study is still undersized 
for making comparisons to the number of interactions assessed. In recent years, many 
different network tools have been developed to tackle the statistical challenges in 
inferring networks for compositional data. In this study, we applied two independent 
methods, SparCC and SpiecEasi, to establish microbial co-abundance networks based 
on MetaPhlan and HUMAnN2 annotation. Our analysis can thus be biased due to these 
annotation tools. Other annotation tools, e.g. mcSEED , may yield different pictures of 
microbial community and functional profile, thereby identifying different co-abundance 
networks.65 Thus, such in-silico–based network inferences require further functional 
validation. Although bacterial genes are believed to be expressed uniformly, previous 
studies have also shown that meta-transcription can exert dynamic changes in response 
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to environmental perturbations that cannot be detected at the metagenome level.66-68 
Thus, in order to understand the microbial ecosystem in terms of functional interaction 
in diseases, we need complementary approaches like meta-proteomics and meta-
metabolomics that provide a more direct readout of the functional properties of the 
gut microbiome. Furthermore, the cross-sectional design of this study makes it hard to 
assess the stability of our findings over time. However, we did observe similar findings 
for the iHMP-IBD cohort for 98.2% of species co-abundances and 99.4% of pathway co-
abundances between two time points spanning one year (Cochran-Q test P>0.05). This 
implies that co-abundance relationships are largely consistent over time. 

Additionally, due to our study design, we cannot disentangle cause from consequence. 
Longitudinal studies are therefore warranted and should be combined with functional 
validation. Moreover, especially in the context of IBD, which is a heterogeneous 
disease, we had limited ability to pinpoint co-abundance networks to specific disease 
characteristics like the subtypes CD and UC. This is probably due to the lack of power to 
detect this by subgrouping our cohorts. Larger cohorts with well-documented disease 
characteristics are needed in the future.  

This study presents the microbial network analysis to examine both microbial species and 
functional pathways based on metagenomics sequencing. Our data show that dysbiosis 
of the gut microbial ecosystem in disease can be assessed by the altered abundance 
level, but can also be seen at the level of microbial interaction, at least in terms of co-
abundances. We have also identified IBD-specific and obesity-specific species and 
pathways that potentially play important roles in regulating the microbial ecosystem in 
disease, and these disease-specific microbial interactions extend our current knowledge 
about the role of the microbiome in disease. 

Materials and methods

Study cohorts
All four cohorts used in this study have been described before.3,14,69,70 In short, the 
Lifelines Deep cohort (LLD) is a large prospective cohort study from the north of the 
Netherlands.71 LLD contains 58.20% females and 41.80% males, the mean age (SD) 
of participants is 45.04 (13.60) years and their mean BMI is 25.26 (4.18) (Figure S1). In 
this study, we included 1,135 LLD individuals for whom there is metagenomics and 
phenotype data.3 The 500 Functional Genomics (500FG) cohort consists of 534 healthy 
adult volunteers from the Netherlands.69,70 In 500FG, 56.50% are women and 43.50% are 
men, the mean age of participants is 27.43 (12.35) years and their mean BMI is 22.70 (2.72) 
(Figure S1). In this study, we included 450 500FG participants for whom metagenomics 
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data is available. The 300 Obesity cohort (300OB) is a part of the Functional Genomics 
project and consists of 302 individuals from the Netherlands with a BMI higher than 
27.70,72 These individuals have been clinically screened for obesity-related comorbidities. 
Around half of participants are clinically diagnosed with metabolic syndrome. 300OB is 
55.70% male and 44.30% female, the mean age of participants is 67.07 (5.39) years and 
their mean BMI is 30.73 (3.48) (Figure S1). In this study, we included 298 participants from 
300OB for whom metagenomics data is available. The 1000 Inflammatory Bowel Disease 
(1000IBD) cohort consists of patients with IBD recruited at the specialized IBD outpatient 
clinic of the University Medical Center Groningen in the Netherlands.14,73 IBD diagnosis 
was made based on accepted radiological, endoscopic and histopathological evaluation. 
The 1000IBD cohort is 60.70% female and 39.30% male, the mean age of participants is 
43.45 (14.52) years and their mean BMI is 25.55 (5.17) (Figure S1). In this study, we included 
496 IBD participants for whom metagenomics data is available.

Ethical approval
All participants signed an informed consent form prior to sample collection. Institutional 
ethics review board (IRB) approval was available for all four cohorts: the Lifelines DEEP 
(ref. M12.113965) and the IBD (IRB-number 2008.338) cohorts were approved by the 
UMCG IRB and the 500FG study (NL42561.091.12, 2012/550) and 300OB (NL46846.091.13) 
cohorts were approved by the Ethical Committee of Radboud University Nijmegen.

Metagenomic data generation and pre-processing
All participants from the four cohorts were asked to collect faecal samples at home and to 
place them in their home freezer (-20°C) within 15 minutes after production. Subsequently, 
a nurse visited the participant to pick up the faecal samples on dry ice and transfer them 
to the laboratory. Aliquots were then made and stored at -80°C until further processing. 
The same protocol for faecal DNA isolation and metagenomics sequencing was used for 
all four cohorts. Faecal DNA isolation was performed using the AllPrep DNA/RNA Mini Kit 
(Qiagen, cat. 80204). After DNA extraction, faecal DNA was sent to the Broad Institute of 
Harvard and MIT in Cambridge, Massachusetts, USA, where library preparation and whole 
genome shotgun sequencing were performed on the Illumina HiSeq platform. From the 
raw metagenomic sequencing data, low-quality reads were discarded by the sequencing 
facility and reads belonging to the human genome were removed by mapping the data 
to the human reference genome (version NCBI37) with Bowtie2 (v2.1.0).74 

The relative abundance of gut microbial taxonomic units was determined using MetaPhlan 
(v2.7.2), and the relative abundances of metabolic pathways were determined using the 
HUMAnN2 pipeline (v0.10.0), which maps DNA/RNA reads to a customized database of 
functionally annotated pan-genomes.75,76 HUMAnN2 reported the abundances of gene 
families from the UniProt Reference Clusters (UniRef90), which were further mapped 
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to microbial pathways from the MetaCyc metabolic pathway database.77-79 In total, we 
detected 698 species and 489 pathways present in at least one of the four cohorts. To 
deal with sparse microbial data in the network analysis, we focused on species/pathways 
present in at least 20% of samples in at least one cohort. This provided a confined list of 
134 species and 343 pathways for use in the network analysis. Together these accounted 
for, on average, 86.9% and 99.9% of taxonomic and functional compositions, respectively.

Statistical analysis

Co-abundance network inference 

Co-abundance analysis on compositional data is challenging because it is likely to exhibit 
spurious correlations due to the dependency of fractions (i.e. relative abundance sums 
to 1).29,80-83 In particular, the problem can be more serious in a microbial community 
with low compositionality.84 We therefore first assessed the inverse Simpson index of 
microbial composition for the effective number of species (n

eff
). Our analysis showed high 

compositionality in both functional pathway composition (2.09, 2.10, 2.11 and 2.08 in LLD, 
500FG, 300OB and IBD, respectively) and species composition (10.74, 11.87, 12.30 and 8.80 
in LLD, 500FG, 300OB and IBD, respectively). Following the suggestion of Weiss et al. based 
on their assessment of the performance of eight different methods (Bray-Curtis, Pearson, 
Spearman, CoNet, LSA, MIC, RMT and SparCC), we decided to use the SparCC method 
because it has been proven to be able to infer linear relationships with high precision 
for high diversity compositions with n

eff
 lower than 13.84 Species composition data from 

MetaPhlan was converted to predicted read counts by multiplying relative abundances 
by the total sequence counts, and then subjected to a Python-based SparCC tool.29 
For pathway analysis, the read counts from HUMAnN2 were directly used for SparCC. 
Significant co-abundance was controlled at FDR 0.05 level using 100x permutation. 
In each permutation, the abundance of each microbial factor was randomly shuffled 
across samples. To reduce indirect associations, we further applied SpiecEasi (v1.0.6), 
which infers the microbial network underlying graphical model using the concept of 
conditional independence.38 In this way, we obtained 3,454 species and 43,355 pathway 
co-abundances that were detectable by both methods (Figure 1).

Co-occurrence network inference

Presence and absence of each bacterial species and metabolic pathway were treated as 
binary traits. The pair-wise co-occurrence relationship between two microbial factors 
(species or pathway) in each cohort was assessed using Pearson’s Chi-squared test. If the 
number of co-occurrence pairs was greater than the number of co-exclusion pairs, the two 
microbial factors were considered to be a co-occurrence. If the number of co-occurrence 
pairs was less than the number co-exclusion pairs, the two factors were considered to 
be a co-exclusion. Permutation (100x) was conducted to determine significance at an 
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FDR<0.05. In each permutation, the presence and absence of each microbial factor was 
randomly shuffled across samples. At species level, we detected 6,015 co-occurrence 
relationships that were found in at least one cohort, with 3,423 found in LLD, 1,845 in 
500FG, 1,199 in 300OB and 4,701 in IBD (Data S2). At pathway level, we detected 19,903 
co-occurrence relationships that appeared in at least one cohort, with 13,501 found in 
LLD, 7,581 in 500FG, 7,580 in 300OB and 16,596 in IBD (Data S4). 

Network heterogeneity analysis

To assess the variability of networks among the four cohorts, we conducted Cochran-Q 
tests to assess the heterogeneity of effect sizes and directions across the four cohorts 
for each co-abundance (correlation coefficient generated by SparCC) and co-occurrence 
(odds ratio). Here we treated each cohort as one study and conducted the Cochran’s Q 
test using the metagen() function from the package meta (v4.9.5) in R, which calculates 
the squared difference between individual study effects and the pooled effect using 
inverse variance weighting.85 For each co-abundance, the P-values from the Cochran-Q 
test were recorded, and co-abundances with significant heterogeneity were controlled 
at FDR 0.05 level determined by permutation (100x). In this case, all samples from the 
four cohorts were randomly shuffled across cohorts, i.e. shuffling the cohort labels but 
keeping the correlation structure of species and pathways intact. Co-abundances with 
a Cochran-Q test FDR<0.05 were considered heterogeneous, while co-abundances 
with Cochran-Q test P>0.05 were considered stable. We also summarized species co-
abundance co-abundances based on microbial genus and pathway co-abundance co-
abundances based on metabolic category.

Cohort-specific co-abundance selection

For heterogeneous co-abundances and co-occurrences (Cochran-Q test FDR<0.05), we 
further assessed whether these relationships showed cohort-specificity, i.e. whether the 
effect size of co-abundance/co-occurrence in one cohort was very different from that in 
the other three. In this analysis, effect size for co-abundance was the SparCC correlation 
coefficient and the odds ratio for co-occurrence. We adopted interquartile ranges based 
the outlier detection method (Figure S10).86 We ranked the effect sizes from low to high, 
say b1, b2, b3, b4, and then calculated the corresponding 25%, 50% and 75% quartile 
values (Q1, Q2 and Q3, respectively). Interquartile range (IQR) was then calculated, and we 
assessed whether the smallest or largest effect size fell outside of Q1-2xIQR or Q3+2xIQR. 
If only one met the condition, we called this co-abundance specific and assigned it to 
the corresponding cohort (Figure S10). To assess whether cohort-specific co-abundances 
were enriched for a specific cohort, we conducted Fisher’s exact test. We also calculated 
the average FDR of cohort-specific co-abundances using 100x permutations as described 
above for the heterogeneity analysis.
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Key microbial species and pathway detection

To assess to what extent cohort-specific microbial relationships were linked to a specific 
species or pathway, we calculated the number of cohort-specific microbial relationships 
per species/pathway. To define the key species/pathway, we took the maximum number 
of false cohort-specific relationships per species/pathway from each permutation and 
determined the key species/pathway cut-off as the upper range of the 95% of confidence 
interval based on 100x permutations. At this cut-off, there is a 5% probability that a false 
enrichment could occur by chance. In this way, a species with at least 13 cohort-specific co-
abundances or a pathway with at least 70 cohort-specific co-abundances was recognized 
as a key species or pathway. For co-occurrence networks, these numbers were 10 for key 
species and 45 for key pathways. In such a way, we detected 192 cohort-specific species 
co-abundances and 2,235 cohort-specific pathway co-abundances.

Assessing impact of confounding factors

The age and sex distributions were different between cohorts (Figure S1). To assess 
the impact of age and sex, we conducted partial correlation analysis (Figure S11). For 
example, to assess the co-abundance between species A and B, we first assessed the 
Pearson correlation of A and B to each covariant, say C, respectively. Then, a pairwise 
correlation matrix of A, B and C was subjected to partial correlation (Figure S11) using 
the partial correlation function cor2pcor from the R package corpcor (version 1.6.9). This 
insured that the partial correlation determined between A and B was independent of 
the covariant C. To assess the impact, we compared the correlation coefficient between 
SparCC correlation and partial correlation for all co-abundances and found comparable 
effect size (Figure S12). After regressing out the confounding effects of age and sex on 
cohort-specific co-abundances, 120 out of 192 (62.5%) species and 1,448 out of 2,235 
(64.8%) pathway co-abundances remained cohort-specific. 

Replication of microbial networks

To replicate microbial networks in IBD, we used data from 77 IBD patients from the 
Integrative Human Microbiome Project (iHMP-IBD) as a replication cohort.87 Given the 
iHMP-IBD’s longitudinal study design, we could examine metagenomics data from the 
first and the last sample collection for each individual. In all, 91% of the species (123 out of 
134) and 99% of the pathways (340 out of 343) found in our IBD cohort were also detected 
in the first sample collection in iHMP-IBD. The differences in co-abundance strength 
between the IBD cohort and the iHMP-IBD cohort were assessed using the Cochran-Q 
test. A significant P>0.05 was applied to define replicable co-abundances. We also 
investigated the stability of microbial networks in iHMP-IBD by comparing the microbial 
co-abundances in the first and last sample collection from the same participants using 
the same approach.
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To replicate microbial networks in 300OB, we selected 134 obese individuals from the LLD 
cohort with matched age and BMI. Here we considered a co-abundance to be replicable 
if the Cochran-Q test heterogeneity between the discovery and replication cohorts was 
not significant at P>0.05.

Assessing the relevance of microbial co-abundances to sub-phenotypes

Patients in the IBD and 300OB cohorts have different disease subtypes, and both cohorts 
had higher proportions of drug users than our population cohorts. In particular, the 
IBD cohort contained 276 patients with CD and 189 with UC. Within the IBD cohort, 126 
patients took PPIs and 97 took antibiotics. In the 300OB cohort, 53.4% (159 out of 298) 
had an atherosclerotic plaque detected by ultrasound and 35 were diabetic.72 To assess 
the co-abundance related to disease sub-phenotypes, we split the cohorts based on 
disease subtypes or medication use and inferred microbial co-abundance using SparCC. 
The Cochran-Q test was applied to assess the differential microbial co-abundances at 
FDR<0.05.

Species contributions to pathways and species–pathway associations

Since the pathway abundances reported by HUMAnN2 are computed at both community 
and individual species level, we further looked into the contribution of species to each 
pathway and reported the top contributor (species).76 To show the functional relationship 
between species and pathways (e.g. whether a given pathway has the potential to 
promote the growth of a species through its metabolic products), we also checked 
the correlation (Spearman) between microbial species and pathway abundance after 
adjusting for age, sex and read depth using a linear regression model.88 FDR was further 
calculated based on 100x permutation.

Network Visualization

Cohort-specific networks based on cohort-specific co-abundances were visualized 
using a circle plot or heatmap with hierarchical clustering analysis (ward.D clustering 
based on Minkowski distance). Both species and pathways networks were visualized 
using the package igraph (v1.2.4.1) in R.89 For species networks, species belonging to 
the same genus were clustered together. For pathway networks, pathways from the 
same metabolic category were presented in a sub-circle, and categories with a limited 
number of pathways (fewer than 4) were grouped into the other category. Classification 
of pathways was based on the MetaCyc metabolic pathway database.78,79

Data availability
All relevant data supporting the key findings of this study are available within the 
article and its Supplementary Information files. Data underlying Figure 5C and Figure 
S2 are provided as a Source Data file. Data underlying all the other Figures are provided 
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in Supplementary Data files. The raw metagenomic sequencing data and human 
phenotypes (i.e. age and sex) used for the analysis presented in this study are available 
from the European Genome-phenome Archive and National Center for Biotechnology 
Information data repositories: LifeLines Deep cohort [https://www.ebi.ac.uk/ega/
datasets/EGAD00001001991], 1000 IBD cohort [https://www.ebi.ac.uk/ega/datasets/
EGAD00001004194], 300OB cohort [https://ega-archive.org/dacs/EGAC00001001143], 
500FG cohort [https://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA319574]. The 
iHMP data is available via: [https://ibdmdb.org/tunnel/public/summary.html]. Data 
access is subject to local rules and regulations.

Code availability
For this study the following software was used: kneadData (v0.4.6.1), Bowtie2 (v2.1.0), 
MetaPhlAn2 (v2.7.2), HUMAnN2 (v0.10.0), SparCC Python package, R (v3.5.2), SpiecEasi 
R package (v1.0.6) and meta R package (v4.9.5). Code used for generating the 
microbial abundance profiles is publicly available at: [https://github.com/GRONINGEN-
MICROBIOME-CENTRE/Groningen-Microbiome/blob/master/Scripts/Metagenomics_
pipeline_v1.md]. Code used for the statistical analyses is publicly available at: [https://
github.com/GRONINGEN-MICROBIOME-CENTRE/Groningen-Microbiome/tree/master/
Projects/Microbial%20co-abundance%20network].

Supplementary materials 
https://drive.google.com/drive/u/0/folders/1c7ZRKSLptzaR3yMqmo1gTb-ATyjZTHXS
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Abstract 

Little is known about small intestinal communities, despite the small intestine playing 
a fundamental role in nutrient absorption and host-microbe immune homeostasis. We 
aimed to explore the small intestine microbial composition and metabolic potential, 
in the context of inflammatory bowel disease (IBD). Metagenomes derived from faecal 
samples and extensive phenotypes were collected from 57 individuals with an ileostomy 
or ileoanal pouch, and compared with 1178 general population and 478 IBD faecal 
metagenomes. Microbiome features were identified using MetaPhlAn2 and HUMAnN2, 
and association analyses were performed using multivariate linear regression. Small 
intestinal samples had a significantly lower bacterial diversity, compared with the general 
population and, to a lesser extent, IBD samples. Veillonella atypica, Streptococcus salivarius 
and Actinomyces graevenitzii were among the species significantly enriched in the 
small intestine. Predicted metabolic pathways in the small intestine are predominantly 
involved in simple carbohydrate and energy metabolism, but also suggest a higher 
proinflammatory potential. We conclude that the colonic microbiome of IBD patients, 
particularly with intestinal resections, showed resemblance to that of the small intestine. 
These results highlight the importance of studying the small intestinal microbiota to add 
new insight into disease pathogenesis.
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Introduction

The human gut microbiota, which refers to the trillions of bacteria, viruses, fungi and 
archaea that inhabit the gastrointestinal (GI) tract, plays an important role in maintaining 
health.1,2 Alteration to the composition of the gut microbiota has already been widely 
described for several disorders, ranging from GI, including inflammatory bowel disease 
(IBD), to neurological.2-4 However, the use of faecal samples in the majority of these 
studies has meant that most findings are largely specific to the colonic content.5 That is, 
the faecal microbiome does not capture all the microbial communities inhabiting other 
parts of the GI tract, such as the small intestine, which remain considerably understudied.

The small intestine is responsible for approximately 90% of the body’s total nutrient 
absorption from the diet and plays a central role in the maintenance of host-microbe 
immune homeostasis.6,7 Dysbiosis of the duodenal microbiota has been associated with 
certain GI-related disorders and complaints, such as functional dyspepsia, bloating and 
diarrhea.8,9 Additionally, the ectopic colonization of microbes typical of the oral cavity has 
been hypothesised to play a role in the pathogenesis of several disorders; a phenomenon 
termed “oralization”.10,11 Specific strains of Klebsiella pneumoniae isolated from the salivary 
microbiota of patients with IBD, for example, were shown to cause aberrant activation 
of the immune system in colitis-prone mice, following their colonization in the colon.12 
However, oral-considered bacteria have also been identified in the small intestine. 
Studying the small intestinal content, especially within a healthy context, is challenging 
due to its poor accessibility. Majority of studies to date have relied on using mucosal 
samples collected either during routine endoscopies, following intestinal resections or 
from sudden death individuals.13 However, they are prone to contamination and may be 
hampered by the lavage treatment that precedes some of these procedures. Moreover, 
they do not represent the luminal content of the small intestine and are limited by the 
lower taxonomic and functional resolution of 16s rRNA sequencing. 

Here, we aimed to characterise the composition and metabolic potential of the small 
intestinal microbiota, with a specific focus on its possible implications in IBD. We analysed 
shotgun metagenomes derived from faecal samples collected from 1713 participants, 
including 57 samples from individuals with an ileostomy or ileoanal pouch, due to IBD, 
which represented the small intestinal microbiota. The small intestinal metagenomes 
were compared with the remaining metagenomes, representing the faecal microbiota of 
the general population (n = 1178) and patients with IBD (n = 478).
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Materials and methods

Cohort description
To study the small intestinal microbiota and its potential implications in IBD, two 
independent Dutch cohorts were used: 1) 1000IBD cohort, established at the IBD center 
at the University Medical Center Groningen (UMCG), the Netherlands;14 2) Lifelines DEEP, a 
general population cohort from the northern provinces of the Netherlands.15 Metagenomic 
in combination with phenotypic data was available for 535 of the 1000IBD cohort 
participants. All participants were diagnosed previously with IBD by means of standard 
radiological, endoscopic and histopathological investigation, in addition to evaluation 
by the respective treating physician. Phenotypic data, which included information about 
physical characteristics, medical history (including surgery within the GI-tract) and 
medication use, was gathered using medical records and food questionnaires were used 
to obtain additional information on dietary intake. 57 of the subjects had an ileostomy or 
ileoanal pouch, forming the small intestinal group. Metagenomic and phenotypic data 
was also available for 1178 Lifelines DEEP participants. Phenotypic data was collected 
through participant questionnaires which included questions concerning, (GI-related) 
medical history, medication use and diet. All participants signed a form of informed 
consent prior to sample collection. Institutional ethics review board (IRB) approval was 
obtained for both cohorts from the UMCG IRB; Lifelines DEEP (ref. M12.113965) and 1000 
IBD (IRB-number 2008.338).

Group stratification and description
Participants were stratified into four groups according to their intestinal physiology and 
respective cohorts at the time of faecal sampling:  
1) General population (n=1178): Lifelines DEEP participants for whom both phenotypic 

and microbiome data was available. 
2) IBD non-resected intestine (IBD-NoRes; n=309): 1000IBD participants without any 

form of intestinal resection.
3) IBD resected intestine (IBD-Res; n=169): 1000IBD participants who had at least one 

segmental intestinal resection (i.e. small intestinal, ileocecal valve or colonic). 
4) IBD small intestine (SI; n=57): 1000IBD participants who had either an ileostomy 

(n=48) or ileoanal pouch (n=9). 

Faecal sample collection and metagenomic sequencing
All faecal samples were collected in the same manner, which has been previously 
described.14,15 In short, all participants were asked to collect and freeze (at -20oC) 
their faecal samples at home, within 15 minutes of faeces production. Samples were 
subsequently collected from the participant’s house, transported on dry ice and stored 
in the lab at -80oC to minimise any technical confounders. Microbial DNA was isolated 
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from the samples using Qiagen AllPrep DNA/RNA Mini kit (Qiagen; cat. #80204) in 
combination with mechanical lysis. Isolated DNA was sent to the Broad Institute (Boston, 
Massachusetts, USA) for metagenomic shotgun sequencing (MGS) using the Illumina 
HiSeq platform. Low-quality reads were filtered out at the sequencing facility. 

Microbiome characterisation
Metagenomic sequencing reads that mapped to the human genome or aligned to 
Illumina adapters were identified and removed using KneadData (v 0.4.6.1). Biobakery 
pipeline tools, MetaPhlAn2 (v 2.2)16 and HUMAnN2 (v 0.10.0), were applied to the resulting 
reads to generate taxonomic and microbial pathway abundance profiles, respectively.17 
The taxonomic profiles were subsequently processed as follows: 1) redundant taxa and; 2) 
taxa present in less than 15% of the samples were removed; 3) relative abundance values 
were normalised using arcsine square root transformation. Microbial pathway abundance 
values were converted to relative abundance and log

10
 transformed. Pathways present in 

fewer than 15% of samples were filtered out. Alpha diversity was determined per group 
by calculating the Shannon index for each sample using the diversity function (index 
= “shannon”) and Bray-Curtis dissimilarities were calculated using the vegdist function 
(method = “bray”), also from the R vegan (v 2.5-6) package. 

The gut microbiota within small intestinal samples
Differences in the colonic microbiome of UC and CD patients have been reported, as 
well as dysbiosis in the pouch microbiome of individuals with an ileoanal pouch due to 
UC. To explore these host-related factors within the small intestinal group, we carried 
out association analyses using the Wilcoxon test, comparing species relative abundance 
between: 1) CD vs UC samples, 2) ileostomy vs ileoanal pouch samples and 3) samples 
with a colon only disease location vs ileal (with or with colonic involvement) disease 
location. 

Phenotypic influences on microbial communities in the small intestine vs 
colon
To evaluate the relationship between host phenotypes and microbial interindividual 
variation (represented as Bray-Curtis dissimilarities) within the different groups we 
performed three PERMANOVA analyses: SI samples only, IBD-NoRes and IBD-Res samples 
combined and general population samples only. Each test was performed using the 
adonis function from the R vegan package (permutations = 1000, method = “bray”). Next, 
we performed univariate correlation analyses, between a total of 120 host phenotypes 
and each of the species or microbial pathway (i.e. microbial feature) abundances, using 
the total samples in this study, to identify potential phenotypic confounders. Wilcoxon 
test was used for categorical phenotypes and Spearman correlation for numerical. 
Phenotypes with most associations were selected for subsequent multivariate analyses 
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(Table S1; see following section). The relationship between number of intestinal 
resections, as well as resection location (ileal vs colonic), and species abundance was 
additionally analysed within the IBD-Res group using the same univariable tests. 

Bacterial composition & metabolic potential in the small intestine
To characterise the microbial composition and metabolic potential in the small intestine, 
we performed multivariate linear model analyses for the following comparisons:  

Tests
i) SI vs general population   
ii) SI vs IBD-NoRes  
iii) SI vs IBD-Res

The multivariate analyses were performed using generalized linear models as 
implemented in the R MaAsLin (v 0.0.5) package, allowing the boosted feature selection 
step.18 The processed taxonomic or pathway data generated from the metagenomes, 
plus the selected phenotypes, were used as input (see previous sections; Table S1). All 
default arguments were used with the exception of two filtering parameters (dMinAbd = 
0 and dMinSamp = 0). Multiple testing corrections were applied using the false discovery 
rate (FDR) < 0.05. Descriptions of the multivariate models can be found in Tables S15-17 
and codes used for the analyses can be accessed via the following link:
https://github.com/GRONINGEN-MICROBIOME-CENTRE/Groningen-Microbiome/tree/
master/Projects/Small_Intestine

Exploration of low prevalence bacteria
As part of the quality control in the previous analyses, species with a prevalence of less 
than 15% of the total samples (n=1713) were filtered out. Due to an underrepresentation 
of SI samples in the total cohort (n=48), any bacteria prevalent in the small intestine 
samples, but rare in the samples from the general population and patients with IBD, 
would have been filtered. To explore this, we performed a logistic regression on the 
species filtered out between the SI group and the other groups combined (i.e. general 
population, IBD-NoRes & IBD-Res). Bacterial species relative abundances were coded as 
0 for absence and 1 for presence. Age and sex were included in the model as covariates 
and corrected for multiple testing (FDR < 0.05).
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Results

Study cohort clinical characteristics
The study cohort consisted of four groups: general population, IBD patients without 
resections (IBD-NoRes), IBD patients with resections (IBD-Res) and small intestine (SI). 
Average age and BMI were comparable between the groups (p > 0.05) (Table 1, Table S2). 
The SI group had a significantly larger proportion of females compared with both the 
general population and IBD groups (proportion females = 74%, 58% & 60%, respectively; 
p < 0.05) and a higher use of proton pump inhibitors and antibiotics when compared 
with the general population group (% PPI users = 35% & 8%, respectively; % antibiotic 
users = 5% & 1%, respectively; p < 0.05). Compared with the IBD groups, the SI group had 
a significantly larger proportion of individuals with UC and a lower mesalazine use (% UC 
= 37% & 58%, respectively; % mesalazine users = 35% & 9%; p < 0.05). Within the SI group, 
5 individuals (9%) had active ileal disease at the time of faecal sampling.

Bacterial species profiles are similar within small intestine group 
To test whether IBD subtype (CD vs UC), inflammation location (ileal, with or without 
colonic vs colonic only) or the presence of an ileoanal pouch were associated with gut 
microbial alterations in the SI group, we conducted association analyses between the 
respective phenotypes and species abundances. We identified no significant associations 
for all these analyses (FDR > 0.05, Table S3-S5). 

The small intestinal microbiota is characterised by lower microbial 
richness and a distinct bacterial composition
On average, samples belonging to the SI group had a lower microbial richness when 
compared with the other groups (Shannon Index

mean 
SI = 1.71; Shannon Index

mean
 IBD-

Res = 2.44, p = 5.10x10-14; Shannon Index
mean

 IBD-NoRes = 2.77, p = 2.22x10-16; Shannon 
Index

mean
 General population = 2.84, p = 2.22x10-16) (Figure 1, Table S6). To get an 

overview of the bacterial compositions between the groups, we measured the beta 
diversity using Bray-Curtis dissimilarity (Figure 2, Table S7). Samples from the SI group 
on average clustered furthest away from general population samples. IBD-Res and IBD-
NoRes samples formed a gradient between SI and general population samples, with the 
IBD-Res samples positioning slightly more towards SI samples. Among all samples, SI 
samples explained 7.2%, and among IBD samples the presence of intestinal resections 
explained 5.6%, of the compositional dissimilarities (p = 0.001) (Table S8). 
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Figure 1. Microbial community in the small intestine shows a lower bacterial diversity 
compared with colonic samples. Violin plots displaying the distribution of Shannon index 
values per study groups. Small intestinal samples have a lower average bacterial diversity 
score (mean= 1.71) when compared with both the general population (mean= 2.84) and 
samples from patients with IBD, without or with intestinal resections (mean= 2.77 & 2.44, 
respectively). 
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Figure 2. Principal coordinate analysis. Scatter plots showing Bray-Curtis distances between 
samples based on the bacterial composition. In grey, general population samples (n=1178); 
purple, patients with IBD without intestinal resections (n=309); yellow, patients with IBD 
with intestinal resections (n=169); red, the small intestinal content (n=57)). Panel A shows 
dissimilarities between all the samples used in this study. Small intestinal samples form a 
defined cluster with little overlap with general population samples. Samples from patients 
with IBD (purple and yellow) form a gradient between the small intestine and general 
population clusters. Panels B and C highlight the heterogeneity between IBD samples 
representing the small intestinal content, respectively.
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The overall genus composition in the small intestine
To characterise the differences observed in the beta-diversity analysis, we compared 
the top 10 most abundant genera in the SI and general population samples (Table S9-
10). The most abundant genera in the SI group were Streptococcus, Escherichia, Blautia, 
Peptostreptococcaceae noname, Clostridium, Lactobacillus and Veillonella (mean relative 
abundance = 26%, 10%, 8.1%, 6.7%, 5.3%, 5.2% & 4.8%, respectively). Except for Blautia, all 
abundances were significantly higher when compared with the other groups (Streptococcus: 
SI vs general population, FDR = 2.73 x 10-23; SI vs IBD-NoRes, FDR = 6.39 x 10-17; SI vs IBD-Res, 
FDR = 3.73 x 10-14; see supplementary table S9 for a complete table of values) (Figure 3). 
Notably, IBD-Res group had the second highest total mean abundance of the genera and the 
general population the lowest. The reverse trend was seen for the most abundant genera 
in the general population, which included Bifidobacterium, Ruminococcus, Eubacterium, 
Subdoligranulum and Faecalibacterium (mean relative abundance = 15%, 15%, 14%, 5.8%, 
5.6% & 5.2%, respectively); the total relative abundance increased in the order: SI, IBD-Res, 
IBD-NoRes and general population (Figure 3, Table S10). 

Host-related characteristics associated with the gut bacterial composition
To evaluate potential phenotypes driving differences in the bacterial composition between 
the groups, we performed correlation analyses between a total of 120 phenotypes and 
species abundance (Table S11). A total of 3617 associations were identified, involving 106 
phenotypes and 134 species (FDR < 0.05). The phenotype representing IBD diagnosis 
had the most associations at 240, involving 108 different species, including Ruminococcus 
gnavus and Escherichia coli. Vitamin B12 intake (n = 62), sequencing depth (n = 62) and ‘PPI 
use’ (n = 40) were also among the top phenotypes. Next, we tested if certain phenotypes 
were specifically associated with the microbial interindividual variation within the SI group, 
however, we did not identify any significant associations (FDR > 0.05) (Table S12). Lastly, 
given the differences in bacterial composition observed between IBD-NoRes and IBD-Res 
samples, we asked if the number of intestinal resections, or the location of the resection, 
is associated with bacterial species abundance within the IBD-Res group. No associations 
were identified for either of the variables (FDR > 0.05, Table S13-S14, Figure S1). 

Veillonella, Streptococcus and Actinomyces species are enriched in the small 
intestine 
In total, 89 species were differentially abundant in the SI group when compared to the 
general population individuals, 82 compared with IBD-NoRes and 49 in the comparison 
between SI samples and IBD-Res (FDR < 0.05; Figure 4a; Table S15-S17). Of the 89 species 
differentially abundant in the SI compared with the general population samples, 22 were 
enriched in the SI. This included 9 belonging to the genera Streptococcus, 3 to Veillonella 
and 3 to Actinomyces (FDR < 0.05; Figure 4a; Table S15). 67 species were therefore 
underrepresented in the SI group, of which 6 belonged to the genera Ruminococcus, 8 
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to Eubacterium, 10 to Bacteroides and 5 to Alistipes. Moreover, Bifidobacterium dentium, 
Actinomyces odontolyticus, Streptococcus mutans and Streptococcus salivarius were 
exclusively associated with this comparison (FDR < 0.05; Figure 4a, Table S15). Of the 
associations between SI and IBD-NoRes samples, 11 were unique, including a lower 
relative abundance of the butyrate producer Pseudoflavonifractor capillosus in SI samples 
(FDR = 1.95 x 10-5; Figure 4a; Table S16). A lower relative abundance of a Parabacteroides 
species in SI individuals was only observed when comparing SI with the IBD-Res group 
(FDR = 0.047; Figure 4a; Table S17). Veillonella atypica, Streptococcus mitis oralis pneumoniae, 
Streptococcus infantis, Streptococcus sanguinis, Actinomyces graevenitzii and Haemophilus 
parainfluenzae, which are typically found in the oral cavity, were consistently found to be 
enriched in the SI compared with the other groups (FDR < 0.05; Figure 4a; Table S15-S17). 

Rare colonic bacteria are prevalent in the small intestine 
When comparing the prevalence of bacteria that were present in less that 15% of the 
cohort between the SI and the other three groups combined, we found that 110 of these 
species were significantly more prevalent in the SI group (FDR < 0.05, Table S18). Among 
the most prevalent species, 6 belonged to the genera Streptococcus, 3 to Clostridium, 
4, to Actinomyces, 3 to Klebsiella, 5 to Lactobacillus, 3 to Gemella, 2 to Atopobium and 
3 to Enterococcus (prevalence range in SI = 15-75%; prevalence range in other groups 
combined = 0.1-13%). Specific species that were enriched included Veillonella dispar (FDR 
= 9.39 x 10-23), Klebsiella pneumoniae (FDR = 1.39 x 10-16), Enterococcus faecalis (FDR = 2.39 
x 10-23), Enterococcus faecium (FDR = 1.32 x 10-12) and Lactobacillus fermentum (FDR = 8.37 
x 10-12) (Table S18). 

The small intestinal microbiota is largely characterised by pathways 
involved in sugar metabolism and quinone, heme, fatty acid and lipid 
biosynthesis
To investigate the functional potential of the small intestinal microbial community and 
its possible role in IBD, we analysed the relative abundance of 341 predicted metabolic 
pathways that were present in at least 15% of the total samples. 252 (74%) of the pathways 
were associated with at least one of the test comparisons: 243 pathways in the comparison 
SI vs general population, 147 in the comparison SI vs IBD-NoRes and 65 in the comparison 
SI vs IBD-Res (FDR < 0.05; Figure 4b; Table S19-21). Of these identified pathways, 52 
were associated with all three tests. Examples included an increase in pathways related 
to sugar degradation, fermentation to lactate and quinone, heme, fatty acid and lipid 
biosynthesis, and an underrepresentation of pathways involved in degradation of 
complex carbohydrates and pyruvate fermentation to propanoate and butanoate (FDR < 
0.05; Figure 4b; Table S19-21). Pathways that were exclusively enriched in the SI compared 
with general population samples were also related to sugar (derivatives) degradation and 
energy metabolism, as well as nucleotide, nucleoside and biotin biosynthesis (FDR < 0.05; 
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Figure 4. Microbial composition and metabolic potential of the small intestine. Heat maps 
represent the significant enrichment (in red) or underrepresentation (in blue) of bacterial 
species (panel A) and microbial pathways (panel B) in the samples representing the small 
intestinal content, compared with the respective study groups (GP, samples from general 
population cohort; IBD-NoRes, patients with IBD without intestinal resections; IBD-Res, 
patients with IBD and intestinal resections). Metabolic pathways are coded based on the 
accession ID in the MetaCyc database. P-values were calculated using multivariate linear 
regression models (see Methods) and adjusted for multiple testing (FDR<0.05). (Tables 
S15-S17 & S19-S21)
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Figure 4b; Table S19). Conversely, pathways exclusively underrepresented in the SI were 
related to methanogenesis and pantothenate biosynthesis and amino acid biosynthesis 
pathways both increased and decreased (FDR < 0.05; Figure 4b; Table S19). Pathways 
that were associated with the comparison between SI and general population or IBD-
NoRes group (FDR < 0.05), but similar in abundance between SI and IBD-Res samples 
(FDR > 0.05), are involved in methylglyoxal and arginine degradation, biotin and quinone 
biosynthesis, sugar metabolism, butanoate production and endotoxin biosynthesis, 
such as enterobacterial common antigen and lipopolysaccharides (Figure 4b; Table 
S19-21). These pathways, except for butanoate production were enriched in the SI. Of 
note, pathways such as quinone, heme, fatty acid and endotoxin biosynthesis suggest a 
proinflammatory potential.

Discussion

In this study, we explored the bacterial composition and metabolic potential of the 
human small intestinal microbiota and have highlighted its potential implications in 
IBD. Whilst correcting for potential confounders, we analysed metagenomes derived 
from faecal samples of 57 individuals with an ileostomy or ileoanal pouch, following 
colonic resection due to IBD, in comparison with metagenomes from general population 
individuals and patients with IBD, with or without a history of intestinal resections. We 
found that samples belonging to the small intestine group had a significantly lower 
bacterial diversity as compared with the other groups. Small intestinal samples were also 
visibly distinct from samples representing the general population, in terms of overall 
bacterial composition expressed as Bray-Curtis distances. These findings highlight the 
known physiological differences observed between the small intestine and colon which 
can drive bacterial selection. The small intestine, for example, is known to be a harsh 
environment for microbial existence due to its acidic environment, higher oxygen 
concentrations, short transit times and regular inflow of digestive enzymes and bile.13,19-21 

Bacterial species that were markedly enriched in the small intestine as compared with the 
faecal microbiota of the general population included Veillonella atypica, Streptococcus 
mitis oralis pneumoniae, Streptococcus salivarius, Bifidobacterium dentium, Haemophilus 
parainfluenzae and Actinomyces graevenitzii. Additionally, species belonging to genera 
such as Clostridium, Lactobacillus, Klebsiella, Gemella and Enterococcus, which were rarely 
observed in the general population faecal samples, had a significantly higher prevalence 
between 15%-75% in the small intestinal samples. These results suggest a specific 
small intestinal niche formed by these bacteria. Consistent with our results, Veillonella, 
Streptococcus, Actinomyces, Gemella, Clostridium and Lactobacillus species have also been 
identified by other small intestinal microbiome studies.6,13,19,22,23 
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The use of metagenomes also allowed us to study the predicted metabolic potential of 
the small intestinal microbiota. In line with the findings of Zoetendal et al., we identified 
an enrichment of microbial pathways related to simple carbohydrate degradation and 
fermentation and energy metabolism in the SI compared to the general population, 
including biotin biosynthesis pathways.19 Biotin, also called vitamin B

7 
or

 
B

8
, is an 

important cofactor for several carboxylases that are essential for glucose, amino acid 
and fatty acid metabolism.24 Biotin is also thought to have anti-inflammatory effects 
by inhibiting NF-kB, a pro-inflammatory signaling molecule, expression. Although gut 
bacteria derived biotin is mostly absorbed in the colon, our results indicate that biotin 
biosynthesis is performed to a larger extent in the small intestine. Moreover, bacteria 
belonging to the phyla: Proteobacteria, Fusobacteria and Bacteroidetes are reported 
to possess a biotin biosynthesis pathway, which is consistent with our observation that 
Bacteroidetes and Proteobacteria were overall more abundant in small intestinal, relative 
to general population, samples.25 We noted at least 4 pathways related to fatty acid and 
lipid metabolism that were more abundant in the small intestine. This is in accordance 
with studies demonstrating the importance of small intestinal bacteria in intestinal lipid 
digestion and absorption.26 Moreover, we also observed an enrichment in small intestinal 
samples of E.coli and Lactobacillus casei paracasei, which have been shown to alter 
enterocyte lipid metabolism via their secretion of acetate and L-lactate, respectively.27 

When comparing the SI group with IBD-NoRes and IBD-Res groups, fewer species (n = 82 
& 49, respectively) were associated, as when compared with the general population group 
(n = 89), suggesting increased colonization of certain small intestinal bacteria in the IBD 
colon. Examples include Bifidobacterium dentium, Actinomyces odontolyticus, Streptococcus 
mutans, Streptococcus salivarius and Haemophilus parainfluenzae, which, with the exception 
of B.dentium have been previously associated with IBD and/or intestinal complications.17,28-31 
In fact, many bacteria enriched in the small intestine compared with the other groups 
have been associated with IBD. Examples of which include Veillonella spp., Streptococcus 
spp., Enterococcus faecalis, Enterococcus faecium and Klebsiella pneumoniae.12,17,28,32,33 On 
a functional level, fewer pathways were associated with the comparison between the SI 
and the two IBD groups (n = 147 [SI vs IBD-NoRes], 65 [SI vs IBD-Res] & 243 [SI vs general 
population]). Pathways involved in lactate and acetate production and degradation of 
arginine, which were enriched in SI samples compared with the general population, were no 
longer associated with the SI vs IBD-Res comparison. This is in line with reports of elevated 
abundances of lactate, as well as lactate-producing bacteria (e.g. Lactobacilli, Enterococci, 
Streptococci and Pediococci) in faecal samples of patients with IBD.17 Similarly, pantothenate 
(vitamin B

5
) biosynthesis and methanogenesis pathways were underrepresented in the 

SI compared with the general population group, but not compared with IBD samples. 
Pantothenate metabolites have been previously found to be decreased in IBD faecal 
samples.17 Vitamin B

5
 is absorbed in the colon and its deficiency has been associated with 
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the production of pro-inflammatory molecules.24 Methanogenesis is the formation of 
methane from hydrogen and carbon dioxide. Methane has been reported to slow intestinal 
transit, thus reduced methanogenesis is consistent with the shorter transit times observed 
in the small intestine.34 Reduced methanogenesis in the colon may however contribute to 
the development of diarrhoea, which is a common symptom of IBD. We also observed an 
enrichment in the small intestine and IBD colon of a lactose/galactose degradation pathway 
whereby hydrogen is produced. Hydrogen has been demonstrated to shorten colonic 
transit times, predominantly in the proximal colon.34 Taken together, these results support 
a role for small intestinal, rather than per se oral, pathobionts in IBD disease pathogenesis. 

Whilst the results of this study offer a detailed insight into the small intestinal microbiota 
and its possible implications in IBD, there are some limitations that need to be addressed. 
Due to the cross-sectional nature of this study, we were not able to take temporal variation 
of the gut microbiota into account. Functional experiments such as culturomics and 
animal models are therefore still required to provide causal validation, and a mechanistic 
understanding of the implications of these bacteria in the pathogenesis of IBD. 
Additionally, untargeted metabolomics data integration will help to better understand 
the significance of the microbial pathway results presented in this study.

Furthermore, our entire SI group consisted of individuals with an IBD context. Although 
“healthy” individuals with an ileostomy or ileoanal pouch do not exist, replicating the 
findings in non-IBD patients with an ileostomy would be beneficial to study the small 
intestinal gut microbiota non-invasively. Lastly, one might argue that the individuals 
within our small intestine group are heterogeneous due to, for example, the inclusion of 
patients with pouches. We compared the bacterial communities between ileostomy and 
pouch derived faecal samples and found no significant differences in the relative bacterial 
abundances between the two groups. We also did not identify any associations between 
IBD subtypes or the location of inflammation and the abundance of bacterial species.

Overall, we have provided a high-resolution description of the bacterial composition and 
potential metabolic functions characteristic of the small intestinal microbiota. Moreover, 
we have shown that the colonic content in a subset of patients with IBD resembles the 
distinct small intestinal microbiome, suggesting the translocation of small intestinal 
pathobionts to the colon. Further supporting this, we observed that the small intestinal 
microbiome harbours potentially pathogenic features that could be relevant for IBD 
pathogenesis, and ultimately future targets for therapeutic intervention. Instead of 
focusing on the faecal microbiome and the role of oral bacteria, it is worth turning our 
attention and efforts towards elucidating the mechanisms that define the small intestinal 
microbiota and its interaction with the host, to better understand health maintenance 
and disease development.
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Abstract 

Gene-microbiome interactions are important in aetiology and pathogenesis of 
inflammatory bowel disease (IBD). Scarce studies on gene-microbiome interactions show 
very little overlap in their results. We aimed to replicate the association between the 
SLC39A8 [Thr]391 risk allele and gut microbiome composition in patients with IBD and 
healthy controls. We collected faecal samples, peripheral blood and extensive phenotype 
data from 291 patients with IBD and 476 healthy controls. Carrier status information was 
obtained from whole exome sequencing data, generated using the Illumina HiSeq. The 
gut microbiome composition was determined by tag-sequencing the 16S rRNA gene. 
Wilcoxon-Mann-Whitney test and additive linear models were used to test associations 
between carrier status and the gut microbiota. Crohn’s disease patients were more often 
carriers of the missense variant (21/171, 12.3%) than controls (30/476, 6.3%) (OR=2.1, 
P=0.01). We could not identify associations between carrier status and overall gut 
microbiome composition and microbial richness in all tested groups after correcting 
for potential confounding factors. We did identify 37 different operational taxonomical 
units to be associated with carrier status among the tested groups. Two of these 37 were 
identified before in the discovery study. We could confirm the genetic association of 
the SLC39A8 [Thr]391 risk allele with Crohn’s disease but we could only limited replicate 
the association in gut microbiome composition. Independent replication of gene-
microbiome studies is warranted to identify true biological mechanisms.
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Introduction

Inflammatory bowel disease (IBD) is a common, chronic disorder of the gastrointestinal 
tract. Patients with this disease experience periods of inflammation alternated by periods 
of remission. The most common subgroups of IBD are Crohn’s disease (CD), ulcerative 
colitis (UC) and inflammatory bowel disease undetermined (IBDU).1 In the last ten years, 
large efforts have been made to identify the genomic landscape of patients with IBD by 
conducting genome-wide association studies (GWAS). These studies have resulted in the 
discovery of over 200 genomic regions associated with IBD.2-4 The genes in these genomic 
regions indicate that gene-microbe interactions underlie key parts of the pathogenesis 
of IBD. As a result, studies have now begun to unravel the gut microbiome composition in 
IBD patients,5,6 and IBD research is moving towards integration of the associated genomic 
regions with the associated changes in gut microbiome composition. 

Recently, three independent studies have reported on the integration of the host 
genome and gut microbiome composition in the general population in Nature Genetics.7-9 
The results of these studies showed very little overlap, probably due to the complexity 
and variability of the gut microbiome composition. This already starts at the beginning 
of fecal sampling collection. Differences in collecting methods of these samples or 
differences in DNA extraction techniques could already lead to differences in results.10 

On top of that, different sequencing techniques were used in these studies; two of them 
used tag sequencing of the 16S rRNA gene to determine the gut microbiota composition 
and one study used metagenomics sequencing. Furthermore, over a hundred factors 
have been identified to be of influence of the gut microbiome composition.11 In order to 
make different studies comparable to one another, the same factors should be taken into 
account. Thus, genome-microbiome associations should be assessed with caution and 
replication of gene-microbiome associations is certainly warranted.12

In 2016, Li et al reported the identification of a novel exonic missense variant in the 
SLC39A8 gene (alanine 391 threonine, rs13107325) that was associated with Crohn’s 
disease (CD).13 Importantly, they also reported that the SLC39A8 [Thr]391 risk variant for 
CD was associated with the gut microbiome composition in patients with CD and in 
healthy controls (HC), using microbiome data of 338 mucosal lavage samples from 171 
individuals (including patients with CD and HC).13 

Given the importance of verifying gene-microbiome associations, we aimed to replicate 
Li et al’s association between the SLC39A8 [Thr]391 risk allele and gut microbiome 
composition in faecal samples in our Dutch cohort of patients with IBD and HC which is 
4.5 times larger than the original cohort.5,13 Despite the differences in sample collection 
methods (lavage vs stool samples) we hypothesize that the influence of the SLC39A8 
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missense variant is also present in our faecal samples, because of the large effect of this 
missense variant on the gut microbiome composition identified earlier by Li et al.13 

Materials and methods

Cohorts
We included 767 individuals, comprising 171 patients with CD, 104 patients with UC and 
16 patients with IBDU from the University Medical Center Groningen (UMCG) IBD cohort 
and 476 HC from the LifeLines DEEP general population cohort in the Netherlands.5,14 
Faecal samples, peripheral blood, and extensive phenotype data, including age, sex, BMI, 
and current medication use, were available for all participants. The Institutional Review 
Board of the University Medical Center Groningen approved both the IBD cohort and the 
LifelinesDEEP cohort (Institutional Review Board number 2008.338 for the IBD cohort and 
document number M12.113965 for the LifeLinesDEEP cohort).5,14 

Genotyping
The determination of the presence of the SLC39A8 missense variant was obtained by using 
whole exome sequencing (WES). For each participant, peripheral blood samples stored 
in EDTA tubes (BD Vacutainer) were available. DNA extraction was performed using the 
Qjagon Autopure LS with Puregene chemistry (Qiagen NV, Venlo, Netherlands).  Sample 
preparation was done by using Illumina Nextera prep kit and enrichment of the exonic 
sequences was performed by hybrid capture using Illumina rapid Capture Enrichment 
(37 mb target). The illumina hiSeq platform with 150 bp paired reads was used for 
sequencing. The mapping of reads to the human genome reference sequence (GRCh37) 
was performed by using BWA-MEM. An average sequencing depth of 20x covering 80 
percent was used in the sequencing of all samples. The average of our obtained reads is 
90,655,419 (range 51,590,508 - 201,639,082) for all the samples. Around 94 percent of the 
targeted regions were covered by 10 times or more and in the case of 20 times or more 
this percentage is 87 percent.  An extensive quality control and variant calling process 
has been performed on all samples and is described in a previously published study.15

Gut microbiome composition
The gut microbiome composition of stool samples was determined using tag-sequencing 
of the 16S rRNA gene as described previously.5,14 In short: participants were asked to 
produce and freeze a stool sample within 15 minutes after production. The samples were 
collected from the patients’ homes on dry ice and stored in our –80°C freezer. Faecal 
DNA was isolated by making aliquots and for the isolation of microbial DNA the Qiagen 
AllPrep DNA/RNA Mini Kit cat #80204 was used. Illumina MiSeq paired-end sequencing 
of the V4 region of the 16S rRNA gene was performed. The forward primer 515F 
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[GTGCCAGCMGCCGCGGTAA] and the reverse primer 806R [GGACTACHVGGGTWTCTAAT] was 
used for this step. The microbiome taxonomy was determined by operational taxonomic 
unit (OTU) picking using QIIME and Usearch (V.7.0.1090) based on similarity of 97%, and 
Greengenes (V.13.8) was used as a reference database.5 This led to the identification of 
12,556 OTUs. Samples with less than 10,000 counts were removed. In comparison with 
the discovery paper, the OTUs were filtered based on availability in at least 10 percent 
of the samples. Lastly, these OTUs were classified into 250 different taxa by summing 
the read counts and transform them into relative abundances. The codes used for these 
analyses are publicly available at: 
https://github.com/WeersmaLabIBD/Microbiome/blob/master/16s_qiime2_pipeline.md

Overall gut microbiome composition and microbial richness
All statistical analyses were performed in each phenotypic cohort (CD, UC and HC) 
and all groups combined (all phenotypic cohorts including patients with IBDU). The 
Wilcoxon-Mann-Whitney test was used to identify the possible association between the 
presence of the SLC39A8 [Thr]391 risk allele and disease status and the odds ratio was 
used to determine the quantity of this effect. Overall microbiome composition (beta 
diversity) was assessed by Bray-Curtis, Jensen-Shannon, Jaccard unweighted Unifrac and 
weighted Unifrac measurements. Associations between the SLC39A8 [Thr]391 risk allele 
and the overall composition of the gut microbiome were estimated by calculating the 
proportion of variance explained by the mutation on the different beta diversity distance 
matrix, using a PERMANOVA test as implemented in the adonis function of the vegan 
package in R.16 Additionally, we analysed the alpha diversity by calculating the Shannon, 
Chao1 and Simpson index as well as the number of observed species per sample using 
vegan and phyloseq R packages. Differences in alpha diversity between carriers and 
non-carriers were analysed through the non-parametric Wilcoxon-Mann-Whitney test. 
All associations were evaluated with and without taking into account the microbiome 
confounding factors: age, sex, sequencing depth and for the disease cohort also the 
disease duration (measured as: years having IBD = fecal sample date - first diagnosis 
date). For all these tests, p-values of <0.05 were considered statistically significant. 
The codes are available at: https://github.com/WeersmaLabIBD/Microbiome/blob/ 
2df040c67c8b75e514abe896def1672bdcb2dee0/SLC39A8_16S 

Association to taxa and OTUs
Possible associations between the individual operational taxonomical units (OTUs) and 
the SLC39A8 [Thr]391 risk allele status were determined in the described groups by using 
univariate and multivariate additive general linear models in the software tool MaAsLin as 
described previously.5 Covariates in the multivariate models comprised 11 confounding 
factors known to influence the gut microbiome composition: age, sex, body mass index, 
proton-pump inhibitor use, as well as antibiotic use and IBD medication (mesalazines, 
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steroids, thiopurines, methotrexate and TNF-α inhibitors).5 For patients with CD and UC, 
the amount of years having the diagnosis IBD was also added as a covariate in the linear 
models. All analyses were corrected for multiple testing by using the false discovery 
rate (FDR, Benjamini Hochberg method) incorporated in the Q-package in R. An FDR of 
<0.05 was considered statistically significant. In the discovery papers, only analyses in 
individual OTUs correcting for less confounding factors was performed.13 In this study, 
we corrected for more factors, to prevent identifying false-positives by the influence of 
confounding factors. 

Results

Clinical characteristics and genetic association
We identified 21 carriers of the SLC39A8 missense variant in patients with CD (12.3%), 7 
carriers in patients with UC (6.7%), 1 carrier in patients with IBDU (6.3%) and 30 carriers 
in HC (6.3%).  Because only 1 patient with IBDU was carrier of the missense variant, the 
differences in the clinical characteristics between carriers and non-carriers of the SLC39A8 
[Thr]391 risk allele was not assessed in this group as depicted in Table 1. Smoking is 
defined as current smoker at time of faecal sampling. Active disease is defined as a score 
of higher than 4 of the Harvey-Bradshaw index (disease severity measure for CD) or a score 
higher than 2.5 of the Simple Clinical Colitis Activity Index (disease severity measure for 
UC). There were no statistically significant differences between carriers and non-carriers 
of the SLC39A8 missense variant and the clinical characteristics in the described groups 
(Table 1). We did identify a trend in which carriers of the missense variant have had longer 
the diagnosis IBD at time of faecal sampling than non-carriers in patients with CD (means 
of 15 vs 12 years, P = 0.066, as depicted in Table 1).  Therefore, we took this factor into 
account in the analyses of the gene-microbiome interaction. Patients with CD were more 
often carriers of the SLC39A8 risk allele than HC (OR=2.1, P= 0.01). This was not the case for 
patients with UC, nor for patients with IBDU compared to HC (P = 0.8271 and P = 0.9949 
respectively). 
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Overall gut microbiome composition and microbial richness
In overall gut microbiome composition, none of the tested groups showed any differential 
clustering or distribution between mutation and non-mutation carriers in the principal 
coordinate analyses of beta diversity (Figure 1 for within CD, Figures S1-S3 for within UC, 
HC and all groups combined). We did identify a statistically significant difference between 
carrier status and beta diversity in all groups combined in the unweighted Unifrac 
calculations of beta diversity, without correcting for any potentially confounding factors 
(P = 0.024, Table S1).  Since the missense variant is enriched in CD, we also added diagnosis 
in the corrected analysis of beta diversity and carrier status. After correction, carrier 
status was not statistically significant anymore on beta-diversity in all groups combined 
using unweighted Unifrac (P=0.464, Table S2). Furthermore, we could not identify any 
statistically significant changes between carrier status of the missense variant and alpha 
diversity in all tested groups, both in corrected and uncorrected analyses (Figure 2 for 
within CD, UC and HC, Figure S4 for all groups combined and Table S3). 

Figure 1. Beta diversity within Crohn’s disease by using four methods.  Principal coordinate 
analysis of gut microbiome composition generated using 16S rRNA sequencing of stool 
samples of 171 patients with CD. Depicted are four different methods to identify the beta 
diversity of these samples: A) Bray-Curtis distances, B) Jaccard, C) unweighted Unifrac and 
D) weighted Unifrac. The 21 SLC39A8 [Thr]391 risk carriers are shown by red dots and 150 
non-carriers by black dots. There was no statistically significant association between the 
SLC39A8 [Thr]391 risk allele and beta diversity identified in CD, nor in the different methods 
used.

A																	Bray-Curtis B																			Jaccard

C									unweighted	Unifrac D											weighted	Unifrac
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Figure 2. Alpha diversity within CD, UC and HC by using five methods. Alpha diversity 
calculated by five different methods, from left to right: Shannon Index, Simpson, inversed 
Simpson, observed species and Chao1.  Carrier status does not show statistically significant 
differences in non-carriers and carriers of the SLC39A8 missense variants in Crohn’s disease, 
healthy controls and ulcerative colitis. 
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Associations individual OTUs and taxa
We were able to identify associations between carrier status of the SLC39A8 missense 
variant and individual OTUs; 2 OTUs in the univariate analyses and 37 in the multivariate 
analyses (Table S4). In the univariate analyses we identified in both CD and UC 1 associated 
OTU (OTU-IDs = 2210025 and 4374663, FDR = 0.002 and 0.01 respectively) and none in HC 
or all groups combined. In the multivariate analyses we identified 5 OTUs in CD, 5 in UC, 14 
in HC and 14 in all groups combined (Table S4). For example, the family Lachnospiraceae 
was statistically significantly increased in all tested groups in SLC39A8 missense variant 
carriers compared to non-carriers, represented by 10 different OTUs divided over the 
tested groups. Only 2 of these 10 OTUs (OTU-ID 329703 and 4343184, FDR = 0.02 and 0.03, 
respectively), were also statistically significantly associated with carrier status in non-
overweight healthy controls in the discovery paper.13 Another example is in patients with 
UC, HC and all groups combined, in which the family Ruminococcaceae was increased in 
carriers compared to non-carriers. Ruminococcaceae was represented in 12 different OTUs 
divided over the mentioned phenotypic cohorts, in which 1 OTU (OTU-ID 195950, FDR = 
0.048) showed overlap with the findings of the discovery paper.13 From the 877 associated 
OTUs from the discovery paper,13 we were only able to identify 5 of them to be statistically 
significantly associated with carrier status of the SLC39A8 missense variant in our cohort 
(Table S4). However, we could not identify any statistically significant associations between 
the SLC39A8 [Thr]391 risk allele and the individual microbial taxa in the tested groups, in 
either the univariate- or multivariate analysis in which we corrected for covariates. 

Discussion

The aim of this study was to replicate the finding of Li et al’s association between the 
SLC39A8 [Thr]391 risk allele and gut microbiome composition in our independent cohort 
of patients with CD, UC, IBDU and HC, which was 4.5 times larger than the original 
cohort. This provides an increased power in order to detect true associations between 
carriers and microbial changes. The SLC39A8 gene is known as a transporter of Zinc.17 
Zinc deficiency has been associated before with a boost of inflammatory responses and 
with the increase of oxidative stress, indicating the role of Zinc in immune functions.18,19 
The role of Zinc has also been studied in the context of IBD, in which an in vitro study has 
shown that Zinc affects the integrity of the intestinal mucosa.20 In our previous study we 
have shown multiple factors to be associated with the gut microbiome composition in 
the context of IBD.5 Given the large effects of the missense variant on the gut microbiome 
composition observed by the discovery paper, the association of the missense variant to 
Crohn’s disease and the role of Zinc on the immune system, we hypothesized that this 
missense variant could also be of influence in the altered gut microbiome composition in 
IBD we observed earlier.5,13,17-20 
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In this study we could identify the genetic variant to be associated with CD. In addition, the 
impact on the microbiome composition was limited to a few OTUs, which due differences 
between both studies could not be directly compared. However, in OTU identification, 
we could only replicate 5 OTUs to be associated with carrier status from the discovery 
paper.13 When we restrict our analysis to taxonomical level, we could not identify any 
associations. Microbial richness and overall gut microbiome composition changes 
previously reported, could not be replicated. Although the mutation carrier status was 
statistically significantly associated with beta diversity in the uncorrected analysis of the 
group all combined by using unweighted Unifrac, after correction for IBD diagnosis, this 
was not statistically significant anymore. Since the missense variant is enriched in CD, the 
difference was most likely to be explained by the diagnosis IBD, instead of carrier status 
of the missense variant. This highlights the importance of considering other factors when 
performing association studies in IBD context.  

We have observed in our results that all identified OTUs were characterized by low mean 
read counts, ranging from 0-125 (Table S4). This is also observed in the discovery paper, 
in which 85% of their identified OTUs also had mean read counts ranging between these 
values.13 Therefore, it is very hard to determine if the reported results are indeed positive 
findings or false positive results. It seems that on top of filtering the minimum prevalence 
of each taxon (done at 10% in discovery and replication cohort), filtering for minimum 
abundance of each OTU could reduce the amount of variation between cohorts but also 
reduce the amount of potentially false positive associations. However, the observed 
differences between our study and the discovery paper could also be due to the different 
experimental design.13 The discovery paper used mucosal lavage samples while the 
presented study uses faecal content. Although both methods target the same ecosystem, 
the gut microbiota, different collection methods as well as the use of intestinal preparation 
for the mucosal lavage can introduce significant changes in the proportion of microbes 
characterized.21 In addition, we should also consider the possibility that the findings are 
cohort specific due to geographical and cultural differences. Furthermore, some extra 
variation could be introduced by discrepancies in the computational processing and 
analyses of the samples. Finally, the effect of individual OTUs could be biologically that 
small, that these effects cannot be detected in alpha and beta diversity.

In the discovery paper of Li et al, large effects of the SLC39A8 missense variant on gut 
microbiome composition has been described, indicated by the large numbers of 
associations and effect sizes identified (more than 800 individual OTUs).13 In the past, 
strong signals on the gut microbiota has been replicated, despite different methodologies 
used. One example of these associations are the one between CD and the increased 
abundance of the family Enterobacteriaceae. This association has been identified in both 
adults and paediatric patients with CD, in different sample types (faecal samples and gut 
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mucosal biopsies) and in multiple disease locations.22-28 On top of that, our sample size 
is 4.5 times as large as the discovery study. Taken these considerations into account, we 
hypothesized that despite different sampling collection methods used, we would expect 
that the positive gene-microbiome signal could also be reproduced in our faecal samples.  

Since IBD research is still in the early phase of discovering genome-microbiome 
associations, the lack of replication is not uncommon in IBD cohorts or in general 
population studies. Previous studies on IBD patients, in which functional variants in the 
mucus layer gene FUT2, the bacterial antigen receptor gene NOD2, and the autophagy 
gene ATG16L1 were associated with the gut microbiome,25,29,30 could also not be replicated.5 
Nor could the interactions between the variant in NOD2 or the variant in the vitamin D 
receptor (VDR) and the gut microbiome in the general population be replicated.7-9 

Genome-microbiome associations are hard to discover, since the presumed effect 
of individual genomic variants on the gut microbiome is small, whereas the effect of 
environmental factors on the gut microbiome can be much larger. Recently, we reported 
that the variance of the gut microbiome is partly explained by over 100 phenotypes and 
environmental factors, including medication use and diet .11 In addition, correcting for 
multiple testing in genome-wide, microbiome-wide association studies is complex, since 
the number of tests is hundreds of times larger than in GWAS because of the addition of 
hundreds more microbial features. 

Conclusions
Therefore, we argue that in future gene-microbiome studies much larger sample sizes, 
more stringent statistical analyses (especially with regard to mean counts of OTUs and 
correcting for confounding factors), replication in independent cohorts and elaborate 
descriptions of the methods used are needed to pinpoint genome-microbiome 
associations in both IBD and HC.  

Supplementary materials 
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6354981/
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Abstract 

Although genetic findings have significantly advanced our insight into inflammatory 
bowel disease (IBD) biology, there has been little progress in translating this knowledge 
toward clinical practice, like more cost-efficient drug development. Our aim was to use 
genetic knowledge to identify drugs that warrant further investigation in IBD treatment. 
We identified drugs that target the proteins encoded by IBD candidate genes using 
the DrugBank. We included proteins that are in direct protein–protein interaction 
with proteins encoded by IBD risk genes. Promising potential IBD drugs were selected 
based on a manual literature search of all identified drugs (PubMed, ClinicalTrials.
gov). We have identified 113 drugs that could potentially be used in IBD treatment. 
Fourteen are known IBD drugs, 48 drugs have been, or are being investigated in IBD, 
19 are being used or being investigated in other inflammatory disorders treatment, and 
32 are investigational new drugs that have not yet been registered for clinical use. We 
confirm that proteins encoded by IBD candidate genes are targeted by approved IBD 
therapies. Furthermore, we show that Food and Drug Administration–approved drugs 
could possibly be repositioned for IBD treatment. We also identify investigational new 
drugs that warrant further investigation for IBD treatment. Incorporating this process in 
IBD drug development will improve the utilization of genetic data and could lead to the 
improvement of IBD treatment.
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Introduction

Inflammatory bowel disease (IBD), consisting of Crohn’s disease (CD) and ulcerative colitis 
(UC), is a chronic inflammatory disorder of the gastrointestinal tract. IBD is a disease in 
which periods of inflammation are alternated by periods of remission.1 IBD is a common 
disease: 1 in 1000 individuals in Western Europe suffer from it.2 The exact cause of IBD is 
unknown, but the current hypothesis is that IBD is caused by a combination of genetic 
predisposition and environmental factors.3 

Discovering new drugs for IBD is very important, because no optimal medical treatment 
for the disease is available yet and between 35 and 70% of IBD patients need to undergo 
surgery with potentially invalidating resections of the inflamed intestine or colon.4,5 The 
current limitations in our medical treatment for IBD negatively influences daily life of IBD 
patients on many levels and can result in a severe decrease in quality of life.6 However, 
developing new drugs is extremely expensive: the development of around 20 molecular 
entities per year (the current rate of drug development in the US) costs approximately 
60 billion US dollar. These high costs are mostly due to the fact that most investigational 
new drugs (INDs) fail before or at their phase I trials, because their in vivo effect is different 
from their in vitro effect.7 These expenses show the need to reconsider current drug 
development strategies in order to make drug development much more cost efficient. To 
this end, models have been established for “external innovation” in drug development, 
meaning, for example, that the pharmaceutical industry should collaborate more with 
academia.8 

It has recently been shown that using information on the genetic background of a disease 
can increase the success rate in the clinical development of drugs. Drugs targeting 
proteins encoded by genes that are associated to a specific disease are more likely to 
make it to clinical approved therapy than drugs that target proteins that are not encoded 
by genes associated with that disease under study.9 Using the genetic background of a 
disease to identify drug targets can therefore make drug development easier and much 
more cost-efficient.9 

The genetic epidemiology of IBD has been studied through genome wide association 
studies (GWAS). At this moment, more than 200 independent risk loci in IBD have been 
identified.10,11 These findings have significantly advanced our insight into the biology of 
IBD. Autophagy, for example, was identified as an important process in IBD pathogenesis.12 
Another important observation from GWAS is that a large fraction of risk genes are shared 
between multiple inflammatory diseases; rheumatoid arthritis (RA) and IBD for example 
share at least 14 genetic risk loci.13 
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In spite of these enormous advances, there has been little progress in translating this 
knowledge towards clinical practice.14,15 Specifically, there have been little to no efforts 
to translate the IBD genetic findings into drug discovery or drug repositioning. Okada 
et al. provided an example of how to translate genetic knowledge to clinical practice by 
showing that putative risk genes for RA are targets of approved therapies for RA. Okada 
et al. suggest that drugs that target proteins encoded by RA risk genes and that are 
approved for other indications may be repurposed for the treatment of RA.16 

The aim of this study is therefore to use the knowledge on the genetic background of IBD 
to provide the IBD research community with a list of potential drugs for IBD treatment. 
We do this by compiling a list of all known IBD risk genes and the genes that connect 
directly with these risk genes in biological pathways, and to identify biologicals or small 
molecules targeting proteins encoded by these genes.  

Materials and methods

Identification of IBD candidate genes 
For this study we used genetic risk loci associated with IBD, which were identified from 
previously published GWAS. Each risk locus associated with IBD can contain multiple 
genes and in order to identify the candidate genes in these regions, a commonly used 
gene prioritization strategy was conducted.10,11 This gene prioritization strategy goes 
through four consecutive steps: 1) Expression quantitative trait locus (eQTL): an eQTL is 
a genetic variant that strongly correlates with the expression levels of messenger RNA 
(mRNA). By detecting which mRNAs are influenced by the IBD associated genetic risk 
variants, the genes regulated by the IBD associated risk genetic variants are identified 
as risk candidate genes.17 2) Coding genetic variants: genes that contain the IBD risk 
genetic variant as a coding genetic variant or that contain coding genetic variants in 
strong linkage disequilibrium (LD) with the IBD risk genetic variant are considered risk 
genes. LD means that variants in the DNA inherit together because they are on the same 
string of DNA that does not break during cell division.18 3) GRAIL analysis: GRAIL uses 
a statistical framework that assesses the significance of relatedness between genes in 
disease regions. GRAIL also uses a text-based similarity measure that scores two genes 
for relatedness to each other based on text in PubMed abstracts to prioritize genes within 
a IBD susceptibility locus.19 4) DAPPLE: DAPPLE analyses whether proteins encoded by the 
putative risk genes interact with genes in other risk loci, either directly or indirectly and 
thus identifies additional genes that could contribute to disease.20 
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Protein-protein interaction analysis
We analysed protein-protein interactions (PPIs) to gain insight into the networks in 
which the protein targets of approved IBD therapies function. In addition, we analysed 
whether there was a PPI between the protein targets of approved IBD therapies and 
proteins encoded by IBD candidate genes. We did this by using the DAVID, KEGG and 
BioCarta databases.21-23 DAVID is a web-based database that provides direct and indirect 
PPIs and protein pathways for uploaded gene names from other databases, like KEGG 
and BioCarta.21 For this research we only used the direct PPIs, because these PPIs show a 
direct link between protein targets of approved IBD therapies and proteins encoded by 
IBD candidate genes.  KEGG and BioCarta provide maps in which protein pathways are 
visualized.22,23 In order to study which proteins were in direct PPI with protein targets of 
approved IBD therapies, diagrams from the KEGG and BioCarta databases were studied.  

Linking IBD genes to drugs 
The Drugbank (www.drugbank.ca) is the largest publicly available drug database 
containing 7737 drugs and additional information about these drugs, like the protein 
targets of the drugs and the genes encoding these protein targets.24 We developed an 
algorithm using R that links putative IBD genetic drug targets directly to drugs by using the 
Drugbank. R is a language and environment for statistical computing and development 
of graphics.25 In order to use the Drugbank download in R, the XML R Package was used.26 
Our algorithm consists of three parts. First of all, we identify synonyms of gene names 
by using the R package “org.Hs.eg.db”.27 By identifying synonyms of gene names, we 
prevent ourselves from missing drugs whose gene targets are listed in the Drugbank 
under synonym names. We then identify the column listing the gene targets of the drugs 
in the Drugbank XML file. We match our candidate genes to the gene targets in the 
Drugbank database. Finally, the algorithm exports a list of drugs that target the proteins 
encoded by our candidate IBD genes. 

Literature search 
The next step of this study was a manual literature search to assess which drugs identified 
in the previous steps were the most promising drugs for IBD therapy by using PubMed 
(www.pubmed.gov, last search March 1st 2016) and ClinicalTrials.gov (www.clinicaltrials.
gov).  This step is essential, because the drugs identified in the previous steps were only 
selected based on an interaction between a certain protein encoded by a candidate gene 
and a drug. The nature of this interaction is unknown; some drugs that we identified 
might have effects opposite to the effects that we aim for in IBD therapy. ClinicalTrials.
gov is a web-based database in which clinical trials are listed. We took ClinicalTrials.gov 
into account to make sure that a drug that was reported to be effective in an article 
in PubMed was not reported to have i.e. severe side effects in never published trials 
registered in ClinicalTrials.gov. 
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We selected registered drugs as potential candidates for drug repositioning by using 
three criteria. 1) Known IBD drugs: we checked whether a drug is already used in the 
treatment of IBD or if it has been investigated as a therapy in IBD. We used the following 
query at PubMed and Clinicaltrials.gov: (“Drug”) AND (“IBD” OR “Crohn” OR “ulcerative 
colitis” OR “ colitis”). These queries allowed us to analyse whether a drug was used in 
the treatment of IBD, investigated in IBD or if the drug causes colitis-like side effects. 2) 
Efficacy in other inflammatory diseases: we studied whether a drug has been investigated 
or is being used for treatment in other inflammatory disorders. We used the following 
query: (“Drug”) AND (“auto” OR “auto immune” OR “autoimmune” OR “inflammation” OR 
“inflammatory”). 3) Suitable working mechanism: we studied whether an identified drug 
could potentially be suitable for treating IBD based on their working mechanism. This 
step was performed if the previous two steps led to no association. All the drugs were 
selected based on evidence from phase I/II/III randomized clinical trials (RTCs) or animal 
studies. Drugs were excluded based on four criteria: 1) The drug had no hits in Pubmed 
or Clinicaltrials.gov. 2) The drug was proven not to be effective based on evidence from 
phase I/II/III RTCs or animal studies in IBD or other inflammatory disorders. 3) The drug 
had (severe) side effects, for example colitis-like side effects. 4) The drug was not yet 
tested in RCTs or animal studies and therefore there is too little knowledge about the 
drug.  

Statistical analysis
In order to statistically validate our method of drug identification by using genetic 
information, we performed a permutation method described earlier by Okada et al.16 We 
used the following information: 1. IBD candidate genes which encode protein targets 
of approved IBD drugs and their direct PPIs (=n

a
 genes) 2. Genes which encode proteins 

targeted by approved IBD medical therapies (=n
b
 genes) 3. Genes which encode proteins 

of all approved medical therapies (=n
c
 genes). 4. The entire PPI network of n

a
. We made 

random samples of n
a
 and n

b
 genes from the entire PPI network and repeated this step 

10,000 times. We then studied the following three steps in the 10,000 random sets and 
set the results of these as our null-distributions: i. Overlap between n

a
 and n

b
 ii. Overlap 

between n
a
 and n

c
 iii. The relative overlap by dividing step i through step ii. Hereby we 

tested the effect of chance in the identification of drugs by our observed genes by using a 
one-sided permutation test. A P-value of <0.05 was considered significant. After this step 
we calculated the fold enrichment of the overlap we found compared to chance by using 
our previously sampled null distributions. In order to do so, we divided our observed 
genes through the means of each null distribution.  
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Results

Identification of IBD candidate genes 
We identified 362 candidate genes for IBD derived from the genetic risk loci identified 
through previously published GWAS by using the previously described gene prioritization 
strategy.10,11 129 candidate genes were identified by eQTL analyses, 27 candidate genes 
by coding genetic variants analyses, 224 by GRAIL analyses and 70 by DAPPLE analyses. A 
total of 88 candidate genes overlapped throughout the four gene prioritization strategy 
steps. 

Drug identification 
We used the 362 identified IBD candidate genes and 5 direct PPIs to identify drugs 
(Figure 1). By using our algorithm we identified the synonym names for these genes, 
which resulted in a list of 1655 gene names for the next step in the algorithm. Using 
our algorithm to link these gene names to drugs we identified 359 drugs that target IBD 
candidate genes. We performed a manual literature search of these 359 drugs as described 
above. Based on this literature search we excluded 246 IBD linked drugs (Table S1) for any 
of the following reasons: 1) 117 drugs were not listed in PubMed or Clinicaltrials.gov, so 
there is a lack of information to judge their potential efficacy for the treatment of IBD. 2) 
57 drugs had severe side effects, for example colitis-like side effects. 3) 41 drugs were not 
tested in phase I/II/III RCTs or animal studies in IBD, other inflammatory disorders and/or 
any other disorder at all. 4) 31 drugs were not effective in IBD, meaning that a drug was 
proven to be not effective in IBD or other inflammatory disorders based on phase I/II/III 
RCTs or animal studies. Another option in this group is that a drug did not have a rational 
working mechanism for IBD, i.e. a drug is an agonist of a protein, which is known to be 
overexpressed in IBD patients.

After exclusion, 113 drugs (Table S2) remained that according to our method could be 
considered good candidate drugs for IBD treatment. These drugs were divided into four 
groups based on their characteristics. 
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Figure 1. Flowchart of the steps we took in our analysis and which eventually led to the 
identification of 113 potential drugs for inflammatory bowel disease (IBD).  

Drugs registered for IBD treatment that indeed target IBD risk genes
First of all we found that 74 percent (14 out of 19) of drugs approved for the treatment of 
IBD, target proteins encoded by IBD risk genes, either directly or through one PPI (Figure 
2).28,29 We identified 54 n

a
 genes, 38 n

b
 genes, 871 n

c 
genes and 2474 genes in the total 

PPI network. We observed 12 IBD candidate genes, which overlapped with approved IBD 
therapies with a fold enrichment of 14.6 (P < 1.0 x 10-5). Furthermore, we observed 25 IBD 
candidate genes overlapping with all approved medical therapies with a fold enrichment 
of 1.3 (P<0.05). We identified a relative overlap of 0.48 with a fold enrichment of 10.7 (P<1.0 
x 10-5). These results statistically validate our method. For example the 5-aminosalicyclic 
acid derivatives Mesalazine and Sulfasalazine directly target the protein encoded by 
the IBD candidate gene PTGS2 and indirectly target the proteins encoded by the IBD 
candidate genes NFKB1 and RELA. Tumor necrosis factor (TNF) blocking agents (anti-
TNFα) Infliximab, Adalimumab and Golimumab target TNF, which is in direct PPI with the 
proteins encoded by the IBD candidate genes NFKB1, TNFRSF1A and MAPKAPK2, which 
shows a possible working mechanism for anti-TNF in IBD. 

	 Gene	prioritization	strategy:	
367	identified	IBD	
candidate	genes/direct	PPI	

Using	R	script	for	identifying		
gene	synonyms	and	linking	
drugs	from	Drugbank	/TTD	 

1655	IBD	gene-names	
linked	to	359	drugs	 

246	identified	drugs	excluded:	
117	no	hits	Pubmed 
57	severe	side	effects	 
41	too	little	knowledge	available 
31	not	effective		 

113	IBD	potential	drugs: 
14	used	in	treatment	IBD 
48	investigated	in	IBD 
19	used/investigated	in	other	inflammatory	disorders 
32	interesting	working	mechanism 
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Figure 2. Full list of the connections between inflammatory bowel disease (IBD) genetic risk 
variants (red boxes), the IBD candidate genes associated with these genetic risk variants 
(green boxes), genes from the additional protein-protein interaction (PPI) network (purple 
boxes) and approved IBD drugs (orange boxes). The black lines show connections from IBD 
genetic risk variant to the target drug. 5 of the 14 approved IBD drugs are directly connected 
to an IBD genetic variant, the others are connected through one PPI. 

Drugs which are being investigated in IBD and which target IBD genes 
In the previous step we validated our method by showing that approved IBD drugs do 
indeed target proteins encoded by IBD risk genes. After this, we focused on drugs that 
were linked to IBD risk genes in our method and which have already been or are being 
investigated in IBD, either by an RCT or through preclinical animal studies. This selection 
resulted in a group of 48 drugs out of 196 drugs (25 percent) that are currently being 
investigated for their use in IBD (clinicaltrials.gov, last search March 1st 2016) (We have 
highlighted some drugs in Figure 3, the full list is available in Table S2).  One example is 
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Tofacitinib, one of the new drugs within the group of the Janus kinase (JAK) inhibitors, 
which targets among others the IBD candidate gene JAK2.24 JAK is in direct PPI with the 
protein signal transducer and activator of transcription (STAT). The JAK/STAT pathway is 
involved in many inflammatory pathways, and leads to an increase of pro-inflammatory 
cytokines, like the interleukines (ILs) IL17A, IL17F, IL22 and IL20, cytokines, which are 
expressed by T-helper 17 (Th17) lymphocytes. Previous studies have shown that the Th17 
pathway is involved in IBD, and that the aforementioned cytokines are overexpressed 
in the inflamed gut of IBD patients.30 Tofacitinib has been investigated in IBD in phase II 
RCTs. In CD patients the efficacy of Tofacitinib was limited.31 Tofacitinib showed efficacy in 
both induction and maintenance of remission in UC patients.32 This shows that Tofacitinib 
could be a very interesting drug for the treatment of IBD, especially for UC. Thalidomide 
is another interesting candidate in this group. Thalidomide targets the IBD candidate 
gene PTGS2. Clinical trials have already shown that Thalidomide can be effective for the 
treatment of IBD, however the numbers of IBD patients enrolled these trials were small 
and the follow-up was limited which means that further studies are required.33 Previous 
research has shown that the pro-inflammatory TNFα and IL12 cytokine levels in colonic 
lamina propria mononuclear cells and peripheral blood monocytes were decreased 
after the administration of Thalidomide in CD patients.34 Thalidomide can therefore be 
interesting for the treatment of IBD. Thalidomide is controversial as a therapeutic drug, 
mostly due to its teratogenity. However, standard IBD therapies like methotrexate are 
also teratogenic.35 Therefore, we should not abandon further research of the use of 
Thalidomide for the treatment of IBD altogether.36,37

Figure 3. The connections between inflammatory bowel disease (IBD) genetic risk variants 
(red boxes), the IBD candidate genes associated with these genetic risk variants (green 
boxes) and 7 examples of drugs (orange boxes) which have been investigated in IBD but are 
not (yet) listed in the European treatment protocols for IBD patients.28,29  For the full list of 
48 identified drugs in this category: see Table S2 
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Identified drugs under investigation or approved for treatment of other 
inflammatory diseases   
We identified 19 drugs targeting proteins encoded by IBD candidate genes, which 
are approved for or are being investigated for the treatment of other inflammatory 
disorders (Selection in Figure 4, full list given in Table S2). Ruxolitinib for example is a JAK 
inhibitor, which targets the IBD candidate gene JAK2.  Ruxolitinib is registered for use in 
myelofibrosis.38 The drug has also been tested in RA in a double blind phase IIa RCT that   
showed a high efficacy of Ruxolitinib.38 As described earlier, the JAK/STAT pathway is 
important in IBD, so testing of Ruxolitinib for its efficacy in the treatment of IBD should be 
considered. Another example of a drug targeting IBD risk genes and being tested for the 
treatment of other inflammatory diseases is the drug Muromonab, an immunosuppressive 
agent. Muromonab is directed against the CD3 receptor located at T lymphocytes, 
encoded by the IBD FCGR2A, FCGR2B, FCGR3A and FCGR32B candidate genes. Muromonab 
has been approved for use in patients with acute transplant rejection.24 Animal models 
have shown that Muromonab has an effect on autoimmune reactions, specifically T cell 
activation and research in healthy individuals has shown a decrease in IL2, inhibiting Th1 
activation, after administration of Muromonab.39,40 A phase II placebo-controlled trial 
showed efficacy of this drug in patients with autoimmune diabetes which shares part 
of its genetic background with IBD.39 Based on the fact that they target IBD risk genes 
and based on their favourable affects in other inflammatory disorders Ruxolitinib and 
Muromonab are promising potential new drugs for IBD. 

Figure 4. The connections between inflammatory bowel disease (IBD) genetic risk variants 
(red boxes), the IBD candidate genes associated with these genetic risk variants (green 
boxes), 5 examples of drugs (orange boxes) which are investigated in other inflammatory 
disorders (blue boxes) and could also be effective in IBD. For the full list of 19 identified 
drugs in this category: see Table S2.
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Investigational new drugs targeting IBD candidate genes
We identified 32 experimental or INDs, which have a working mechanism that render 
them potential new drugs for the treatment of IBD (Selection in figure 5, full list in Table 
S2). An example of an IND that could potentially be effective in the treatment of IBD is 
INCB9471, an orally available C-C chemokine receptor type 5 (CCR5) antagonist, a drug 
which is used to treat HIV/AIDS.24 Researchers studied the role of CCR5 in inflamed mucosa 
of IBD patients. They found that lymphocytes surrounding granulomas in CD patients 
have a high expression of CCR5. This implies that CCR5 inhibition could be interesting for 
IBD, especially for CD patients.41 

Figure 5. The connections between inflammatory bowel disease (IBD) genetic risk variants 
(red boxes), the IBD candidate genes associated with these genetic risk variants (green 
boxes) and 13 examples of drugs (orange boxes), which have an interesting working 
mechanism for IBD and could therefore contribute to improved treatment of IBD patients. 
For the full list of 32 identified drugs in this category: see Table S2.

Discussion 

The aim of this study was to use the knowledge on the genetic background of IBD to 
identify new drug targets for IBD and identify biologicals or small molecules that could 
be repurposed for the treatment of IBD because they target proteins encoded by IBD 
candidate genes. We found a total of 113 drugs linked to IBD candidate genes. First of all, 
we validated our method by showing that 14 known IBD drugs target proteins encoded 
by IBD risk genes. The one-sided permutation test has shown that this identification is 
significant, which implies that the identified drugs are unlikely to have been identified 

rs11168249	 VDR	 4	Vitamin	D	
analogues		

rs2945412	 NOS2	
7	Nitric	oxide	
synthase	
pathway		

rs113010081	 CCR5	 INCB9471	

rs3774959	 FCGR2A,FCGR2B,	
FCGR3A,FCGR3B	 Abciximab	

IBD	geneMc	risk	
variants	

IBD	candidate	
genes	 Target	drugs		



123

DRUG REPOSITIONING IN INFLAMMATORY BOWEL DISEASE BASED ON GENETIC INFORMATION

6

by chance. Secondly, we identified 48 drugs that target IBD candidate genes that have 
already been investigated in IBD, either through RCTs or through animal studies. Thirdly, 
we identified 19 drugs that target IBD candidate genes, which are used or investigated 
in other inflammatory disorders. Finally, we identified 32 experimental or investigational 
new drugs that target IBD candidate genes and thus are promising potential new drugs 
for IBD. 

At this moment limited data is available of translating findings of the genetic epidemiology 
of IBD through GWAS into clinical practice. Okada et al. provided an example of clinical 
translation of this genetic knowledge by showing that putative risk genes of RA are 
targets of approved therapies of RA. They also suggest that drugs approved for other 
indications may be repurposed for the treatment of RA.16 It has recently been shown that 
using information on the genetic background of a disease can increase the success rate 
in the clinical development of drugs.9 

Developing new drugs for IBD is very important, because an optimal treatment is not 
yet available. Medical treatments fail in IBD patients in at least 50% of IBD patients 
during their lifetime, which means they need to undergo surgery often with resection 
of the inflamed intestine or colon.4,5 Developing new drugs, to prevent surgery for these 
patients, is however extremely expensive. This is mostly due to the fact that one cannot 
predict the working mechanism of an investigational drug in vivo and hence more than 
80% of investigational new drugs are never registered for use.7 These expenses show 
the need to reconsider the current drug development strategies in order to make drug 
development much more cost efficient.8 We believe that a good way of improving drug 
development is the use of the genetic background of a disease to identify potential drug 
targets, since drug targets based on the genetic background of a disease can increase the 
success rate in the clinical development of the drug in that specific disease.9 

Although we identified many drugs that could be repositioned for treatment of IBD, it is 
likely that we have missed potential drugs in this study. This is mainly due to limitations of 
the databases needed for this study: the number of genetic risk loci for IBD is still rising, 
and the databases linking genetic variations to genes and those linking genetic targets 
to drugs are as yet incomplete and only limited data is publicly available for the research 
community. These databases will be completed as research progresses. 

Further progress of research on the biological effects of the IBD candidate genes will 
help us to make more informed decisions on which genes to include in the analysis. 
This will improve our ability to adequately predict potential new drug therapies. Lack 
of publicly available knowledge on the working mechanisms of drugs means that for 
certain drugs their gene-target is not known and thereby we are missing potential IBD 
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drugs. We also experienced in the excluded drugs that we lack knowledge about their 
working mechanism.  For example, we had to exclude 156 drugs because no thorough 
knowledge of their working mechanism is available. So, even though we performed 
an advanced literature search to predict the function of the drug based on its effect in 
other (inflammatory) disorders, it was often still unclear what the effects of a certain drug 
linked to a candidate gene were. We also excluded 58 drugs due to severe side effects, 
i.e. colitis-like side effects. However, as all registered IBD drugs have potential severe side 
effects, this should not be a reason to abandon further research.28,29 Further progress of 
research into the biological effects of these drugs will also improve our method.

One might argue that the drugs that we selected as potential IBD drugs based on genetic 
data are unlikely to have a large effect on the disease, since the genetic risk effect of each 
genetic risk variant is relatively small. However, previous research has shown that even 
if a certain gene does not contribute that much to the occurrence of a disease, targeting 
that gene with a drug can have a very large impact. A striking example of this are HMG-
CoA reductase inhibitors, which have a major impact on LDL-cholesterol levels in blood.41 
In the general population however, the genetic variants in the gene encoding HMG-CoA 
reductase have only very small effects on the levels of LDL-cholesterol.42 Finally, we do not 
have all the information available to rank the drugs we identified for two main reasons. 1) 
Gene identification is an on going process and not all the genetic information of IBD has 
been identified. 2) Our knowledge on the working mechanism of the drugs are far from 
complete and therefore our genetic drug target list is incomplete. 

In this study we provided one of the first steps of drug identification by using genetic 
information. In the future, more research on several levels, will improve our drug 
identification method. First of all more research in the identification of drug targets 
would provide more insight in the identification of drugs. In this study we had to rely 
on publicly available data, which is far from complete. A way to improve this is to get 
more transparency from the pharmaceutical industry. By sharing this knowledge we 
can create a more complete and reliable public drug database. Secondly, tissue specific 
expression quantitave trait loci analyses could increase our power to identify drug targets. 
Insight into the direction and tissue-specificity of gene expression would improve the 
sensitivity and specificity of our method. Finally, the identified drugs could shed light 
on the functional background of risk genes by showing on which cells or pathways are 
affected.  This could improve our knowledge on IBD pathogenesis, by increasing our 
knowledge on how IBD candidate genes contribute to disease.44 Initiatives like the Centre 
for Therapeutic Target Validation are ongoing to combine data from the pharmaceutical 
industry and the academic researchers to provide more answers of using human genetics 
in drug identification.44,45 
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All in all, while by no means conclusive, this preliminary study using genetics for drug 
identification in IBD provides the IBD research community with over 50 promising 
potential IBD drugs that are available but are currently not being studied for use in IBD 
therapy. Some of these are drugs registered for other disorders and could hence be 
studied in phase IIB studies. Others are investigational new drugs, which have passed 
phase I trials and could thus be studied in phase IIA studies for IBD. Meanwhile patients, 
failing standard therapy, are awaiting the registration of new drug therapies such as anti-
SMAD7 (Mongersen) or anti-MAdCAM, to put off major surgery, many of them suffering 
from active disease with major impacts on their quality of life. We should pursue the low 
hanging fruits of potential IBD drugs identified in this study in order to quickly improve 
the quality of life and surgery-free survival of IBD patients.

Supplementary materials 
https://academic.oup.com/ibdjournal/article/22/11/2562/4561710#108226177
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Abstract 

Approximately half of the patients with inflammatory bowel diseases (IBD) do not 
respond favourably to the α4β7-integrin inhibitor vedolizumab. Here we aimed to 
unravel the predictive potential of the gut microbiota composition or circulating serum 
proteins for vedolizumab response in patients with IBD. We prospectively collected 
clinical data, faecal and blood samples prior to and 14 weeks after vedolizumab in 50 
patients with IBD. Shot-gun metagenomic sequencing and a multiplex immunoassay 
were used to study the gut microbiota and inflammation-related proteins. Baseline and 
paired follow-up samples were assessed in relation to treatment response. 27 out of 
50 patients showed response to vedolizumab. At baseline responders were older, had 
a longer disease duration, more usage of antibiotics, had more bowel resections and 
had lower leukocyte values as compared to non-responders. We were able to predict 
treatment response with an area under the curve of 0.76 by using the above-mentioned 
clinical characteristics and the top circulating proteins TNFSF12, LTA and MMP-10 before 
the start of treatment. We also identified paired changes including an increase in alpha 
diversity (p = 0.0494) and the change of abundance of seven proteins in responders 
(FDR < 0.1, CD5, CST5, IL10RB, SCF, TNFRSF9, DNER and MCP-4). Our study revealed the 
predictive potential of clinical characteristics, the gut microbiota and circulating proteins 
prior to vedolizumab treatment. Furthermore, an increase of microbial richness might 
serve as a biomarker for treatment response. These findings may ultimately help to assign 
vedolizumab to eventual responders in IBD.
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Introduction

The management of inflammatory bowel disease (IBD) introduces a major challenge 
for gastroenterologists, because the onset and progression of IBD is characterized by 
considerable heterogeneity, necessitating a highly patient-specific approach.1 Moreover, 
causative factors in disease pathogenesis remain unclear, which hampers the development 
of potential therapeutic targets. Currently, it is hypothesized that IBD is a multifactorial 
disease in which a genetically susceptible individual has an inappropriate immune 
response to the gut microbiota and is exposed to a variety of environmental triggers.2-4 
The therapeutic management of IBD consists of general-acting immunomodulators 
such as mesalamines, corticosteroids, azathioprine, and TNFα-antagonists.1,5 More 
recently, the α4β7-integrin inhibitor vedolizumab became available for patients with IBD, 
aimed at specifically targeting the affected tissue by blocking gut-specific lymphocyte 
trafficking.6,7 However, the exact biological effect of vedolizumab remains only partially 
understood as it also affects components of the innate immune system.8 

Approximately half of the patients with IBD will respond to vedolizumab, indicating 
the importance of defining patient-specific characteristics to predict outcome before 
the initiation of treatment.6,7 Moreover, once starting vedolizumab, the only reliable 
available method to measure clinical response is by performing endoscopies to assess 
mucosal response. Treatment response is thereby defined as the absence of micro- 
and macroscopic inflammation.9 Several factors have currently been suggested as pre-
treatment predictors of vedolizumab response. Factors including active smoking, severe 
disease activity, structuring/penetrating disease behaviour and elevated circulating 
inflammatory biomarkers such as C-reactive protein and leukocytes have been identified 
as negative predictors for treatment response.10 Despite this, the step towards clinical 
implementation of these predictors remains challenging due to the low sensitivity and 
specificity achieved. 

Additionally, longitudinal follow-up in faecal microbiome have uncovered gut microbial 
differences in responders versus non-responders of patients with IBD treated with 
vedolizumab. For example, abundance of Roseburia inulinivorans was decreased in 
patients with Crohn’s disease (CD) achieving remission, while increased in those who did 
not.  Also, hexitol degradation and glycolysis pathways were shown to have different 
directionality in faecal samples of CD patients achieving remission compared to those 
who did not. While no significant differential changes in taxa were identified in patients 
with ulcerative colitis (UC), palmitate and stearate biosynthesis pathways increased in 
relative abundance in patients achieving remission and decreased in those not achieving 
remission.11 
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Considering the important interaction of the gut microbiota and host immunity 
in the pathogenesis of IBD,12 we hypothesized that integration of extensive clinical 
characteristics, metagenomic information and proteomics would improve the prediction 
of vedolizumab response. Additionally, we hypothesized that responders are in a different 
inflammatory state compared to non-responders before initiation of vedolizumab and 
that these differences would be reflected in the metagenomes and circulating proteins. 
Therefore, in this prospective study, we aimed to predict vedolizumab treatment 
response based on the metagenomes and proteomic data derived from 50 patients 
with IBD. Moreover, in order to define possible biomarkers associated with response, we 
aimed to identify longitudinal gut microbial and proteomic changes during vedolizumab 
treatment in relation to clinical response.

Materials and methods

Study population 
A total of 50 patients aged 18 years or older were included from June 2015 until 
September 2019 from the specialized IBD Center of the Department of Gastroenterology 
and Hepatology of the University Medical Center Groningen (UMCG) in Groningen, the 
Netherlands. Patients with a stoma or pouch (n=5) and samples that failed sequencing 
(n=3) were excluded from the subsequent analysis. All patients had an established 
diagnosis of IBD existing for at least three months based on clinical, endoscopic, and 
histopathological criteria. Informed consent was obtained from patients who were 
starting with vedolizumab treatment as determined by their treating physician. IRB 
approval has been obtained from the University Medical Center Groningen, number 
2008.338.

Study design 
Clinical characteristics, faecal samples and blood samples were collected at baseline, 
i.e. prior to the start of therapy with vedolizumab, and at evaluation, i.e. 14 weeks after 
the start of vedolizumab. IBD related clinical characteristics were derived from medical 
records, including Montreal classification, IBD disease duration, previous medication use 
and previous surgical interventions. At baseline and at week 14 additional demographic 
and clinical characteristics were collected, including age, sex, BMI, current medication 
use, smoking behaviour and disease severity scores (Harvey Bradshaw Index (HBI) for 
CD, Simple Clinical Colitis Activity Index (SCCAI) for UC). To decide to start vedolizumab 
treatment in these patients, a routine endoscopy was performed to confirm the presence 
and location of intestinal inflammation. 
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Defining response to vedolizumab treatment after 14 weeks
Response to vedolizumab treatment was defined by the treating physicians’ global 
assessment to continue vedolizumab treatment at week 14 as being responders to this 
treatment. Physicians’ global assessments were based on alterations of faecal calprotectin, 
serum CRP levels, and clinical disease activity scores (HBI for CD and SCCAI for UC). 
Moreover, in order to compare this study to a previously published study analyzing the 
gut microbiome in relation to response to vedolizumab treatment by Ananthakrishnan 
et al,11 we created a second definition of response to vedolizumab treatment to enable 
comparability of results. In the latter case, a drop of the SCCAI for UC and HBI for CD of 3 
points or more at week 14 was used to define response to vedolizumab treatment.

Sample collection and processing 
For all patients, blood samples and faecal samples were collected before the start of 
vedolizumab treatment and after 14 weeks of treatment. 

Blood samples. A total of 16 laboratory parameters were determined from blood 
samples including the inflammatory markers CRP and leukocyte counts. Furthermore, 
92 preselected inflammation-related proteins were determined from the serum by using 
the commercially available panel, Olink® Inflammation. In short, a proximity extension 
assay (PEA) was performed on the blood samples, where pairs of antibodies with 
oligonucleotides attached are used to detect the proteins of interest.13 Oligonucleotides 
in close proximity produced a template for hybridization and extension. Pre-amplification 
was based on universal primers and subsequently, the resulting DNA sequence is 
detected and amplified by real-time microfluidic quantitative polymerase chain reaction 
(qPCR) (Biomark HD Instrument, Fluidigm®, San Francisco, CA, USA). The analyses 
were performed at Olink® Inflammation, Uppsala, Sweden. Normalized log2 values 
corresponding to protein quantities were generated with the Olink Wizard for GenEx. 
Proteins were included for further analyses if in more than 80% of the baseline samples 
the proteins reached the detection level. This was the case for 76 proteins.  

Faecal samples. Patients produced and immediately froze the faecal samples at home in 
a standardized manner. Personnel from the UMCG collected the faeces on dry ice, using 
insulating polystyrene foam containers, and stored them at -80⁰ C. The QIAamp Fast DNA 
Stool Mini Kit and the QIAcube automated sample preparation system (Qiagen, Germany) 
was used to isolate the microbial genomic DNA. At Novogene (HK) Company Limited, 
Wan Chai, Hong Kong, Whole genome shotgun metagenomic sequencing was performed 
using the Illumina HiSeq 2000 platform. The Illumina adapters were removed from the raw 
metagenomic reads and trimmed to PHRED quality 30, using kneadData (v0.5.1) toolkit. 
Metagenomic reads that aligned to the human genome (GRCh37/hg19) were removed 
using kneadData integrated Bowtie2 tool (v2.3.4.1). Moreover, the FastQC toolkit (v.0.11.7) 
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was used to test the quality of the metagenomic reads. A MetaPhlAn2 tool (v2.7.2) using 
the MetaPhlAn database of marker genes (v. mpa v20 m200) was used. Moreover, the 
HUMAnN2 pipeline (v0.11.1) integrated with the DIAMOND aligment tool (v0.8.22), uniref90 
protein database (v0.1.1) and the ChocoPhlAn pangenome database (v0.1.1) was used to 
profile the functional potential of the metagenomic reads, i.e. the encoded microbial 
biochemical pathways. Taxa and pathways were included if they were present in at least 50 
percent of the samples and had a mean relative abundance abundance of more than 0.01%. 
Normalisation of taxa was performed by using the arcsine square root transformation on 
the relative abundances, while microbial pathways were log transformed before analyses. 
Microbial pathways displaying Spearman correlation coefficients > 0.8 were removed. A 
total of 26 species, 13 genera and 121 pathways were included in these analyses.

Statistical analyses 
All codes used for the statistical analyses are publicly available via this link:  
https://github.com/GRONINGEN-MICROBIOME-CENTRE/Groningen-Microbiome/
commit/4533fa784a62ffa2612591125bf10c287491c577

Descriptive statistics baseline samples / phenotypic differences at baseline

To determine differences in responders and non-responders in patients with IBD treated 
with vedolizumab at baseline, we assessed differences in clinical characteristics by using 
a Wilcoxon-Mann-Whitney-U test for continuous variables and a Chi square test for 
categorical variables. A P-value < 0.05 was considered statistically significant.

Gut microbiota and circulating proteins in baseline samples

We analysed differences in the gut microbiota community between responders and 
non-responders in patients with IBD and in the IBD subtypes Crohn’s disease (CD) 
and ulcerative colitis (UC) separately. This was performed by calculating the Shannon 
index based on bacterial species and Bray-Curtis distances based on bacterial species 
and functional pathways abundances using the functions “diversity” and “vegdist” of 
the vegan package (v 2.5-4) in R. The comparison of the Shannon index and treatment 
response was analysed using the Wilcoxon-Mann-Whitney-U test. Furthermore, a 
PERMANOVA with 1000 permutations was performed using the “adonis” function to test 
the variance explained of each circulating protein on the Bray Curtis distances based 
on species.  A P-value < 0.05 was considered statistically significant and visualization 
was performed by using Principal Coordinate Analysis (PCoA) plots. Next, we analysed 
the relation between the gut microbiota and the circulating proteins by analysing the 
baseline samples. Spearman correlation was calculated between the levels of circulating 
proteins and both the Shannon Index and species abundance.  False discovery rates were 
calculated by using the Benjamini Hochberg method to adjust for multiple testing and an 
FDR<0.1 was considered statistically significant. 
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Associations between individual taxa, microbial pathways and circulating proteins were 
performed using linear models with adding of covariates (multivariate analyses) or without 
adding covariates (univariate analyses). These analyses were performed in patients with 
IBD and in the subtypes CD and UC separately. These covariates were selected based on 
factors which are known from literature to influence the gut microbiota composition14 
and based on differences of baseline variables between responders and non-responders. 
By using the statistical software MaAsLin2, we compared taxa, pathways and circulating 
proteins between responders and non-responders, correcting for the effect of sequencing 
depth (for microbial features only), age, sex, BMI, history of bowel resections, antibiotic 
use at baseline, disease location and leukocytes at baseline. 

Predicting response to vedolizumab treatment

To predict the response to vedolizumab based on a combination of clinical factors, 
microbial features and circulating proteins, a training set was used to train a logistic 
regression model (GLM), support vector machine with radial kernel function (SVM) and 
random forest classifier (RF) machine-learning models. Model training and optimization 
was performed using 5 repeats of 10-fold internal cross-validation on the training set, 
which consisted of 75% of the samples, to optimize the Cohen’s Kappa value, which 
is a balanced metric of positive and negative predictive values. In addition, to further 
optimize the models, recursive feature elimination with resampling was used to minimize 
potential overfitting bias and to maximize the performance. Machine learning classifiers 
were trained, optimized and tested using Caret package (v.6.0-80, https://topepo.github.
io/caret/) in R. 

Analysing changes in gut microbiota and circulating proteins during vedolizumab 
treatment: analyses performed on longitudinal samples 

We next tested whether the Shannon Index, Bray-Curtis distances, individual taxa 
and pathways, and 76 inflammation-related proteins measured by Olink®, differed 
significantly between responders and non-responders in IBD, CD and UC after 14 weeks of 
vedolizumab treatment, as compared to baseline. Bray-Curtis distances were calculated 
for both microbial pathways and microbial species. Differences between the timepoints 
were assessed by using a paired Wilcoxon test for the responders and non-responders 
separately. A false discovery rate was calculated using the Benjamini Hochberg method 
and an FDR< 0.1 was considered statistically significant. 

Replication analysis

Metagenomic data from an independent cohort described earlier was used in an attempt 
to replicate our findings and their previously described findings.11 The raw metagenomic 
sequences of this independent cohort were obtained and the profiling of the taxa and 
pathways were done following the same pipeline as described earlier in this study. By 
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using the statistical software MaAsLin2, we first compared taxa and pathways between 
responders and non-responders in the two cohorts separately. Additionally, these 
analyses were performed in patients with IBD, CD and UC. The covariates sequencing 
depth, age and sex were added in the linear models since these factors were available 
in both cohorts.  A meta-analysis was performed by extracting the standard errors and 
regression coefficients of the two cohorts separately. The inverse variance weighted 
approach for meta-analyses was used. In order to analyse whether the findings were 
derived from a single cohort, the Cochran’s Q-test was used. Associations of the meta-
analyses were considered statistically significant if the FDR of the meta-analysis was < 0.1 
and the heterogeneity p-value was > 0.05. 

Results

Cohort description
A total of 50 patients with IBD were included in this study. After excluding 5 patients 
with a stoma or pouch and 3 baseline faecal samples due to failed sequencing, a total 
of 42 patients with IBD remained for further analyses as described in Table 1. A total of 
20 patients were diagnosed with CD and 22 patients with UC. Half of these patients, 
n=21, responded to vedolizumab treatment as determined at week 14 of treatment. In all 
patients with IBD the presence of intestinal inflammation was identified during routine 
endoscopy, confirming the need for start vedolizumab therapy. Compared to the non-
responders, the responders were older (47 vs. 39 years), had a longer duration of the IBD 
diagnosis (16 vs. 10 years), had more bowel resections prior to vedolizumab treatment 
(67% vs 14%), displayed an increased use of antibiotics in the 3 months prior to sampling 
(33% vs 0%) and had lower concentrations of leukocytes determined at baseline (6.7 vs. 
9 x 109/L) (p<0.05). These factors were included as covariates in subsequent multivariate 
analyses.  Finally, no differences were identified in IBD subtypes, i.e. CD or UC, between 
the responders and the non-responders. 

Table 1. Clinical characteristics, prediction and biomarker of response to vedolizumab
IBD patients clinically 

responding to 
vedolizumab

IBD patients not 
responding to 
vedolizumab p-value

Number of patients 21 21
Female sex (%) 8 (38) 9 (43) 1.0
Age (SD) 47.1 (14.6) 39.2 (16) 0.048*
Body mass index (SD) 24.6 (3.2) 25.6 (5.0) 0.49
Smokers (%) 2 (10) 3 (14) 1.0
Vaginal birth (%) 18 (100) 18 (95) 1.0
IBD characteristics

Crohn’s disease diagnosis (%) 10 (48) 10 (48) 1
Ulcerative colitis diagnosis (%) 8 (38) 11 (52) 0.535
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Disease duration in years (SD) 15.6 (10.2) 10.0 (6.8) 0.01*
Ileal involvement (%) 8 (38) 10 (48) 0.755
History of bowel resections (%) 14 (67) 3 (14) 0.002*

IBD medication prior to vedolizumab treatment (n/y) (%)
Use of prednisone 20 (95) 19 (90) 1.0
Use of budesonide 16 (76) 14 (67) 0.72
Use of beclometason 0 (0) 1 (5) 1.0
Use of 5-ASA 16 (76) 14 (67) 1.0
Use of azathioprine 17 (81) 17 (81) 1.0
Use of 6-MP 8 (38) 7 (33) 1.0
Use of infliximab 13 (62) 11 (52) 0.75
Use of adalimumab 10 (48) 8 (38) 0.77
Use of anti-TNF 16 (76) 15 (71) 1.0
Use of tioguanine 1 (5) 0 (0) 1.0
Use of combination enema 1 (5) 3 (14) 0.59
Use of tacrolimus 2 (10) 2 (10) 1.0
Use of golimumab 2 (10) 3 (14) 1.0
Use of ustekinumab 1 (5) 2 (14) 1.0

*Current (<3 months) other medication (%)
Use of antibiotics 7 (33) 0 (0) 0.008*
Use of proton pump inhibitors 7 (33) 4 (19) 0.49

Baseline
HBI > 4 or SCCAI > 2.5 (%) 14 (67) 17 (81) 0.483
Fecal calprotectine > 200 mg/kg (%) 14 (70) 17 (89) 0.268
Mean Bristol Stool Chart (SD) 4.6 (1.6) 5.3 (1.2) 0.212

Baseline - lab values
Mean ALAT U/L (SD) 27 (15) 24 (18) 0.187
Mean Amylase U/L (SD) 67 (45) 56 (21) 0.542
Mean alkaline phosphatase U/L (SD) 76 (30) 75 (44) 0.907
Mean ASAT U/L (SD) 27 (13) 25 (23) 0.219
Mean erythrocyte sedimentation rate 
mm/hour (SD) 25 (22) 30 (22) 0.463

Mean C-reactive protein mg/L (SD) 6 (9) 11 (14) 0.087
Mean gammaGT U/L(SD) 37 (39) 33 (27) 0.566
Mean haematocrit L/L (SD) 0.40 (0.08) 0.39 (0.04) 0.455
Mean ferritin ug/L (SD) 82 (78) 78 (87) 0.379
Mean ironbindingcapacity umol/L (SD) 64 (12) 67 (10) 0.416
Mean iron umol/L (SD) 13 (6.5) 12 (9) 0.457
Mean leucocytes 10^9/L (SD) 6.7 (2.1) 9 (4) 0.0464*
Mean “mean corpuscular volume” fL (SD) 92 (8) 87 (19) 0.597
Mean creatinine umol/L (SD)  73 (18) 68 (23) 0.404
Mean thrombocytes 10^9/L (SD) 280 (93) 326 (97) 0.197
Mean hemoglobin mmol/L (SD) 7.9 (1.1) 8.0 (0.9) 0.638

After 14 weeks of vedolizumab treatment
HBI > 4 or SCCAI > 2.5 (%) 14 (70) 16 (80) 0.715
Fecal calprotectine > 200 mg/kg (%) 10 (50) 15 (79) 0.121
Mean Bristol Stool Chart (SD) 4.3 (1.5) 5.2 (1.6) 0.111
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Minor baseline differences in the gut microbiome in relation with 
treatment response
We compared the gut microbiota at baseline, i.e. prior to start vedolizumab treatment, 
between the responders and the non-responders in IBD, to identify a possible microbial 
signature that predisposes response to vedolizumab. No differences were observed in 
the baseline α-diversity and β-diversity between the responders and the non-responders 
(p=0.6009 and p=0.9580, respectively, Table S1).  Even though we could not identify 
associations with individual taxa and pathways after adjusting for multiple testing, we 
did identify three bacterial species and two microbial pathways to be associated with 
treatment response in the multivariate analysis at nominal p-value (p<0.05, supplementary 
table 2 and 3). The species Alistipes finegoldii was decreased and the species Sutterella 
wadsworthensis and Ruminococcus torques were increased in responders compared to 
non-responders at baseline (p=0.025, p=0.036 and p=0.047, respectively, Table S2). The 
two pathways (PWY-6606 and PWY-6595) showed an increase in responders compared to 
non-responders (p<0.05, Table S3). These two pathways are involved in the degradation 
of purines. When analysing patients with CD and UC separately, no statistically significant 
associations were identified (Tables S1-S3). 

Minor baseline differences in protein abundance in treatment response
Next, we analysed 76 inflammation-related circulating proteins in IBD under the hypothesis 
that responders display a different inflammatory state than non-responders prior to the 
start of vedolizumab treatment. None of the proteins showed statistical significance 
after adjusting for multiple testing in the multivariate analysis (FDR<0.1, Table S4). We 
did identify the trend of an increased abundance of Tumour necrosis factor (Ligand) 
superfamily member 12 (TNFSF12) in responders compared to non-responders (P-value = 
0.008, FDR = 0.28). TNFSF12, also known as TWEAK, has previously been implicated in IBD 
and shares many functions with TNF. It is mainly produced by leukocytes and is involved 
in numerous cellular processes such as apoptosis, angiogenesis, driving pathological 
tissue changes during chronic injury and fibrosis.15,16 In the analyses containing patients 
with CD and UC separately, no associations were identified (Table S4). 

Gut microbiota composition is correlated to inflammatory markers in blood
Since the gut microbiota plays an important role in the immune system of the host, we 
next analysed the relation between the gut microbiota and the inflammation-related 
proteins derived from the baseline faecal and serum samples of patients with IBD. The 
protein Oncostatin M (OSM) explained 6.4 % of the variance in the β-diversity (FDR = 
0.076, Table S5). We did not identify any correlations between proteins and the α -diversity 
(FDR > 0.1, Table S6). When analysing Spearman correlations between the proteins and 
species, we identified a total of 138 correlations, of which 26 species and 61 proteins were 
involved in at least 1 correlation (p<0.05, Table S7). From these identified correlations, 
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the species Alistipes putredinis was correlated with the highest number of proteins, e.g. 
a total of 13 proteins. The protein OSM was correlated with 8 species, thereby being the 
protein with the highest number of correlations with species. The correlation coefficient 
between C-C motif chemokine ligand 23 (CCL23) and Escherichia coli showed the largest 
relation (rho = 0.53, p=0.005). From these analyses, we concluded that the circulating 
proteins are related to the gut microbiota composition.  

Predicting treatment response
The final analysis in the baseline samples was to combine the results of the identified 
differences in clinical characteristics, species, pathways and circulating proteins in order 
to predict treatment response based on this information at baseline in patients with IBD 
(Table S8). By only taking the clinical characteristics which showed differences at baseline 
(age, disease duration, previous intestinal resections, antibiotic use and serum leucocyte 
counts), we were able to predict treatment response with an area under the curve of 0.69 
(Figure 1A). When adding gut microbial features, e.g. the top three species and pathways 
(Alistipes finegoldii, Ruminococcus torques, Sutterella wadsworthenis, P164-PWY, PWY-6595 
and PWY-6606), this area under the curve improved with a value of 0.71 (Figure 1B). The 
combination of clinical characteristics and top three inflammatory proteins (TNFSF12, 
LTA, MMP-10) showed an area under the curve of 0.76 (Figure 1C). When all variables were 
combined, i.e. clinical characteristics, gut microbiota and inflammatory proteins, we were 
able to predict treatment response with an area under the curve of 0.76 (Figure 1D). 

Longitudinal changes in the gut microbiome are more pronounced in 
responders compared to non-responders
Next, we assessed longitudinal changes in gut microbiota and circulating proteins in 
patients with IBD under the hypothesis that these changes are more pronounced in the 
responders considering the decrease in intestinal inflammation in this group. At week 
14, we observed an increase of the α-diversity compared to baseline in the responders-
group (p=0.0494, Figure 2). This was not the case for the non-responders (p=0.4301, 
Table S9, Figure 2). This indicates that α-diversity of the gut microbiome might be 
indicative of clinical response to vedolizumab. In line with the finding that gut microbiota 
changes are associated to clinical response, we found that in responders, the functional 
composition differed significantly in the first coordinate after vedolizumab as compared 
to before (PCoA1 p=0.048, PCoA2 p=0.099, PCoA3 p=0.865, Table S8). In contrast, in 
non-responders, this difference in functional composition was not present in the first 
three principal coordinates (PCoA1 p=0.298, PCoA2 p=0.297, PCoA3 p=0.597). The overall 
β-diversity calculated on the species was not significantly different after as compared to 
before vedolizumab treatment in both responders and non-responders (p-values>0.05). 
As depicted in figure 3, on the level of individual microbial features, we identified an 
increase of the species Alistipes onderdonkii after 14 weeks in the responders (FDR=0.04, 
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Table S10). This increased trend was also observed in the genus Alistipes and the genus 
Eubacterium in responders (FDR=0.21 and FDR=0.21 respectively). In the non-responders 
a decrease of Prevotella copri was observed after 14 weeks (FDR=0.07). We could not 
identify associations below the significance threshold after correcting for multiple testing 
with regards to the individual pathways. 

In the circulating proteins, we identified alterations between the timepoints of seven 
proteins in the responders (FDR<0.1): CD5, CST5, IL10RB, SCF, TNFRSF9, DNER and MCP4 
(Table S12). These proteins displayed an increase at the second time point compared to 
the first time point. In the non-responders, ten proteins were identified to be altered 

Figure 1. Prediction models for therapy response of vedolizumab in patients with IBD. 
The prediction of treatment response was based on different included variables. In panel 
A based on the clinical characteristics displaying differences at baseline (age, disease 
duration, previous intestinal resections, antibiotic use and serum leucocyte counts). In 
panel B these clinical characteristics including top 3 taxa (Alistipes finegoldii, Ruminococcus 
torques and Sutterella wadsworthensis) and pathways (P164-PWY, PWY-6595 and PWY-
6606), in panel C clinical characteristics and top 3 proteins (TNFSF12, LTA, MMP-10) and in 
panel D information from panel B and C combined. 

B Clinical characteristics + gut microbiotaA Clinical characteristics only

C Clinical characteristics + proteins D All variables
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between the timepoints: CCL3, CCL4, TNF, IL15RA, CD6, CD40, CD244, CCL11, MCP-2 and 
ST1A1 (FDR<0.1). Even though TNF decreased at the second time point, all the other 
proteins showed an increase at the second time point compared to the first time point. 
In the analyses only including patients with CD or UC, no associations were identified 
between either gut microbial features, as in the circulating proteins. 

Figure 2. Alterations in alpha diversity between the timepoints.  The Shannon Index was 
used to calculate the alterations in the alpha diversity between the two time points. Panel 
A is depicted an increase of the alpha diversity in patients responding to vedolizumab 
(one-sided paired Wilcoxon test, P=0.0494). This increase was not observed in the non-
responders as depicted in panel B. 

Figure 3. Alterations in the gut microbiota and circulating proteins in responders and non-
responders. Listed are all observed alterations in individual taxa, pathways and circulating 
proteins after correcting for multiple testing (FDR < 0.1) between the two time points in 
responders and non-responders separately. 

Prediction is cohort specific
In addition to the performed analyses in the described cohort, we combined our data 
with a previously published study that tried to predict response to vedolizumab based 
on the gut microbiome composition.11 In that study, the response to vedolizumab was 

p=0.0494* p=0.4301

p=0.0619

before vedo after vedo

before vedo after vedo before vedo after vedo

total group (responders + non-responders)

responders (n=18) non-responders (n=16)A B

n=42 IBD patients treated with vedolizumab
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defined solely by a decrease of the HBI for CD and SCCAI for UC of 3 points or more. 
To be able to perform replication and a meta-analysis, we re-defined response in our 
cohort based on this response definition. We were not able to reproduce their result of an 
increased α-diversity at baseline in responders, as compared to non-responders (p=0.63), 
nor in the overall taxonomic and functional composition (p=0.26). Also in the analyses of 
individual taxa and pathways, we were not able to replicate our findings in their cohort 
or the other way around (FDR>0.1, Tables S13 and S14). Moreover, in the meta-analysis, we 
did not identify any new associations (FDR>0.1, Tables S13 and S14).  In order to predict 
treatment response, we applied the same machine learning method and input variables 
in both cohorts based on the gut microbiome composition (Table S8, Figure 4). In our 

A Prediction in VedoPredict UMCG cohort B Prediction in replication cohort

C Predicting cohort

Response AUC = 0.57 ± 0.07
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Figure 4. Validating prediction model in independent cohort.  The prediction of treatment 
response based on the disease severity scores in our Vedopredict cohort (panel A) and 
in an independent cohort (panel B). Clinical variables available in both cohorts (age, 
sex and sequencing depth) and the top 5 microbial features (Bacteroides xylanisolvens, 
Lachnospiraceae bacterium, PWY-6891, HEXITOLDEGSUPER-PWY and PWY-670) were used 
as input. Despite an area under the curve of 0.79 in the vedopredict cohort, the model 
worked significantly worse in the independent cohort indicated by an area under the curve 
of 0.57. The two cohorts showed distinct gut microbial profiles as indicated by an area under 
the curve of 0.89 in predicting cohorts (panel C).  
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cohort, we were able to predict treatment response with an area under the curve of 
0.79 (Figure 4A) and for the replication cohort this number was 0.57 (Figure 4B). This low 
replication number could potentially be explained by the large differences between the 
cohorts, since we were able to predict the cohort based on the same input variables with 
an area under the curve of 0.89 (Figure 4C). 

Discussion

In this prospective study, our aim was to identify patient-specific leads predictive 
of response to vedolizumab in patients with IBD, using the gut microbiota and 76 
inflammation related circulating proteins. Additionally, we analysed longitudinal 
changes of the gut microbiota and the circulating proteins before and after the start of 
vedolizumab treatment stratified by treatment response, in order to gain more insight into 
the working mechanism of vedolizumab and to identify possible biomarkers indicative of 
clinical response. We found that of the 42 IBD patients included in this study, 21 patients 
responded to the vedolizumab treatment after 14 weeks. In our cohort, we identified 
lower values of leukocytes in the serum of the responders compared to non-responders, 
factors which have  previously been described as predictors for response to vedolizumab 
treatment.10 Surprisingly we identified in the responders more individuals with a history 
of bowel resections in IBD, while previously the opposite has been described in patients 
with CD.17 Other clinical characteristics previously associated with treatment response 
such as smoking and severe disease activity were not related to treatment response in 
our cohort.10

The limited overlap between the predictive performance of clinical characteristics in our 
cohort and those described in previous studies may be partially due to differences in 
defining treatment response. In literature, it is common to define treatment response 
based on disease severity scores, for example the HBI in patients with CD and the SCCAI 
in patients with UC.11,17,18 These scores have a subjective nature, thereby not completely 
capturing active disease states in patients with IBD.19-22 This could potentially lead to 
large differences in assignment of responders and non-responders between the studies. 
Therefore, in this study, we have chosen to use a combination of disease severity scores, 
routine laboratory diagnostic values, faecal calprotectin and most importantly, the 
assessment of the treating gastroenterologist based on these factors to best represent 
the clinical context. 

With regards to other baseline differences, after correcting for multiple testing, we were 
not able to identify differences in the faecal microbial alpha or beta diversity, individual 
taxa and pathways, nor in the abundance of circulating proteins before the start of the 
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vedolizumab treatment in responders compared to non-responders. However, we did 
identify the trend of three microbial species, two microbial pathways and two circulating 
immune proteins to be related to treatment response at baseline indicated by nominal 
P-values < 0.05. Interestingly, the two identified microbial pathways both showed an 
increase in purine degradation in responders compared to non-responders. Combining 
vedolizumab treatment with other immunosuppressants is currently not advised due 
to lack of data.1 These results, however, imply that the use of purine antagonists, such 
as azathioprine, might potentially be beneficial in order to increase response rates in 
vedolizumab users. The limited differences in gut microbiota and circulating proteins 
between responders and non-responders might be explained by the inflammatory 
status of the patients prior to their start with vedolizumab treatment, namely, patients 
that start treatment with vedolizumab often were already exposed to an intense range 
of therapies which might have introduced large alteration in the gut microbiota and 
circulating proteins, resulting in difficulties to distinguish significant differences between 
responders and non-responders, i.e. taxa, pathways or proteins in a cohort of this size. 

Despite the limited differences in the gut microbiota and circulating proteins in relation 
to treatment response at baseline, we were able to predict response status based on 
this information with an area under the curve of 0.76 (Table S8). This indicates that a 
combination of subtle differences might have predictive value. This predictive potential 
might be an underestimated considering the limited sample size of the analysed cohort 
could lead to overfitting when too many variables enter the prediction model. This model 
needs to be tested in an independent cohort containing both information about the gut 
microbiota and the circulating proteins to validate the findings. 

When analysing the longitudinal metagenomes, we identified an increase of the 
α-diversity at the second time point (p=0.0494) in the responders group. Interestingly, an 
increase of alpha diversity has also been observed in patients with IBD or CD responding 
to TNF alpha inhibitors and ustekinumab.23,24 Also a higher alpha-diversity is related 
to a better health in general population individuals.25 This implies that an increase in 
α-diversity could potentially be used for defining treatment response, not only in 
vedolizumab treatment but also in other biologicals used for treating IBD and could be 
used as a biomarker for gut health. Moreover, we only identified in responders that the 
overall functional composition was altered at the second time point. Based on these 
results the alterations of the gut microbiota are more pronounced in the responders 
compared to the non-responders. 

After 14 weeks, we only identified an increase of the species Alistipes onderdonkii in 
the responders (FDR = 0.04) and in the non-responders a decrease was observed of 
the species Prevotella copri (FDR = 0.07). No metabolic pathways were altered between 
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the timepoints, which might be due the functional redundancy of the gut microbiota. 
Circulating proteins, however, showed distinct alterations in both responders and non-
responders, with seven proteins being altered in responders and ten proteins in non-
responders between the two timepoints in IBD. For example, we identified an increase 
in abundance of CCL13, also known as MCP4, in responders. Interestingly, CCL13 is 
a chemokine that elicits migration of monocytes, eosinophils, T-lymphocytes and 
basophils. This finding agrees with an earlier study describing increased abundance of 
circulating CCL13 after vedolizumab treatment.26,27 In non-responders to vedolizumab in 
IBD, the most notable changes are increased chemokines CCL3 and CCL4. CCL3 and CCL4 
are associated with acute inflammation and mediate migration of immune cells into the 
tissues. CCL3 and CCL4 can both bind the chemokine receptor CCR5 and act in the form 
of a heterodimer.  As such, the increased abundance of both CCL3 and CCL4 may reflect 
ongoing tissue inflammation in patients that do not respond to vedolizumab.28 

We furthermore aimed to replicate our findings in an independent cohort containing 
metagenomes before and after vedolizumab treatment.11 We were not able to replicate 
their findings or our findings in their cohort. Moreover, in our meta-analyses, no new 
microbial features were identified to be associated with treatment response. Lastly, when 
using our model for predicting treatment response, we were able to predict treatment 
response in the independent cohort with an area under the curve of 0.57. This lack of 
replication could be explained by the fact that microbiome composition of both cohorts 
showed substantial differences. Despite the efforts of using similar methods, in this case 
i) the availability of metagenomes derived from faecal samples taken from the same 
time points and ii) the handling of the raw metagenomic sequences through the same 
pipeline for annotating individual taxa and pathways, the cohorts show very distinct 
microbial profiles. This might be explained by multiple differences between the studies: 
1) the differences in the geographic origin of the patients, including the accompanying 
lifestyle, 2) the use of disease severity scores for assigning treatment response, 3) faecal 
sample collection (immediate freezing vs. the use of RNALater as preservative) and 4) 
different DNA isolation method. 

Finally, we identified potential interactions between the levels of circulating proteins 
and the gut microbiota composition. We identified OSM to be associated with the beta 
diversity and we identified 138 correlations involving 26 species and 61 unique proteins. 
OSM showed the most pronounced correlation with the gut microbiota, explaining 6.4 
per cent of the variance in the beta diversity (FDR = 0.075) and being correlated to the 
most individual species (n= 8). Interestingly, high expression of OSM has been linked 
to the failure of TNF alpha inhibitors in patients with IBD. Additionally, blocking OSM 
has led to reduction of colitis in an animal model representing intestinal inflammation29. 

OSM showed the highest correlation with Escherichia coli (rho = 0.42, p = 0.003), a species 
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which has widely been described to be associated with IBD.14,30 The relation between 
OSM and Escherichia coli is thereby a striking example of a potential interaction between 
the immune system and the gut microbiota.31 

Overall, due to the observational nature of this and because vedolizumab is currently only 
prescribed for IBD, we did not have the availability of a non-IBD control group. Therefore, 
it is difficult to distinguish whether the observed alterations between the time points are 
due to the vedolizumab or due to the reduction of inflammation. Furthermore, due to the 
second time point being at 14 weeks, only a relatively short time span is studied, thereby 
impeding the discovery of long-term alterations in the gut microbiome and proteins. 
Finally, we were not able to identify associations for the CD and UC diagnoses separately, 
most probably explained by the lack of power to detect so. Future studies spanning a 
larger time period in a larger sample size would help to validate and improve current 
findings.

To conclude, in this study we have shown the potential of both the gut microbiota and the 
circulating proteins to predict treatment response of vedolizumab in patients with IBD. 
Furthermore, the α-diversity might be used as biomarker to define treatment response. 
These findings may ultimately help to assign vedolizumab to eventual responders in IBD.
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Abstract

The human gut microbiome is influenced by numerous factors including commonly 
used drugs, but it has also been shown that the gut microbiome by itself influences 
drug responses and efficacy. We studied the relations between commonly used drugs 
and microbial changes considering factors like polypharmacy and multi-morbidity. We 
performed metagenomics sequencing of 1883 faecal samples from three cohorts: 1) a 
population-based cohort, 2) patients with inflammatory bowel diseases and 3) patients 
with irritable bowel syndrome. Differences between drug users and non-users were 
analysed per cohort, followed by a meta-analysis. 17 of 41 drugs were associated with 
changes in microbial features. For example, metformin users showed enrichment of 
Escherichia-coli-derived metabolic pathways and methanogenic pathways were increased 
in oral steroid users in patients with IBD. Due the importance of the gut microbiome in 
health and the widespread use of drugs, we here provide evidence for extensive changes 
in taxonomy, metabolic activity and resistome in relation to commonly used drugs. This 
research paves the way to further mechanistic studies for drug response and side effects 
and has implications on future microbiome studies, underlining the need for correcting 
for multiple drug use in both general population and in GI disease cohorts. 
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Introduction
 

In recent years there has been growing interest in the associations between the gut 
microbial ecosystem and the use of non-antibiotic drugs. The interaction between drugs 
and gut microbe composition is important for understanding drug mechanisms and the 
development of certain drug side-effects.1,2 

The impact of antibiotics on gut microbiome composition has been well known for 
some time, but studies in population-based cohorts have found relations between 
multiple groups of drugs and gut microbiome signatures.3-6 The use of proton pump 
inhibitors (PPIs) – drugs which inhibit stomach acid production – is associated with an 
increase in “typically oral” bacteria in the gut.7,8 Metformin, a commonly used drug in 
type II diabetes has been associated with changes in gut microbiome composition both 
in vivo and in mice, in particular with an increase in bacteria that produce short chain 
fatty acids.9,10 A recent study in a general population cohort showed that multiple drugs 
are associated with an altered gut microbiome composition.6 In the same line, in vitro 
analysis of more than 1000 marketed drugs showed that non-antibiotic drugs can also 
inhibit the growth of common gut bacterial strains.11 This, together with the fact that gut 
microbial composition has been linked to host conditions such as rheumatoid arthritis, 
inflammatory bowel disease (IBD) and susceptibility to enteric infections, suggests that 
some drug side-effects could be induced via their impact on the gut ecosystem.7,12-15

To date, most of the studies published on this topic have focused on general population 
cohorts or single drug-microbe interactions.4-6 However, these approaches do not reflect 
the clinical situation. Patients with gastrointestinal (GI) diseases like IBD and irritable 
bowel syndrome (IBS), for example, harbour a different gut microbiota composition than 
general population controls,15 and this could influence the occurrence of side effects 
or alter the mechanism of action of certain drugs. Moreover, patients with IBD or IBS 
also show differences in their patterns of drug-use compared to general population 
controls, including increased polypharmacy, either due to the GI disease itself or to 
other comorbidities.16-19 In IBS, many commonly used drugs such as nonsteroidal anti-
inflammatory drugs (NSAIDs) or antidepressants can trigger or alleviate GI symptoms.19 
Investigating drug-microbiome interactions could therefore lead to insights that can 
unravel the mechanisms involved in treatment response in IBD and the occurrence of GI 
symptoms with drug use in IBS. 

To understand the impact of microbiome-drug interaction in humans, especially in 
the clinical context, it is crucial to consider the combination of different drug types. 
By meta-analysing the association between drug use and microbiome features in 
three independent cohorts from the same geographical region, we aimed to identify 
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consistent relations as well as cohort-specific associations of commonly used drugs with 
gut microbiome composition. Through this data, we looked to pinpoint relevant changes 
on the microbial species and metabolic pathways and consequences for antibiotic 
resistance mechanisms in the gut in clinical context.

Results

Drug use
1126 of the 1883 participants from all cohorts were using at least one drug at time of 
faecal sampling. The number of drugs used per participant ranged from 0 to 12, with 
median values of 0 for the population cohort (mean 1.03, n=1124), 2 for the IBD cohort 
(mean 2.35, n=454) and 1 for the IBS cohort (mean 1.6, n=305) (Table 1, Table S1). In total, 
we observed 537 different combinations of drugs, with the most frequent being the 
combination of beta-sympathomimetic inhaler with steroid inhaler (18 users, Table S2). 
The use of steroid inhalers was strongly correlated with the use of beta sympathomimetic 
inhalers (R

population-cohort
=0.78, R

IBD-cohort
=0.65, R

IBS-cohort
=0.78, p-value < 0.05) (Tables S3-

S5). In patients with IBD, the strongest correlation was observed between calcium and 
vitamin D supplements (R=0.84, p-value < 0.05). Mesalazines (36%), thiopurines (33%) 
and anti-TNFa (25%) were present in the top 10 most-used drugs in the IBD cohort. Since 
thiopurines and anti-TNFa were solely used in the IBD cohort, these drugs were not 
included in multivariate analyses. 

Microbial ecosystem and drug use
We first investigated the effect of each individual drug on the richness and overall gut 
microbial composition. As described earlier, disease cohorts presented a lower microbial 
richness compared to the general population cohort (Population cohort Shannon 
Index 

mean
= 2.26 (0.96-2.91), IBD cohort Shannon Index

mean
=2.1 (0.38-2.78), IBS Shannon 

Index
mean

=2.02 (1.01-2.65)).15 Within cohorts, we did not observe any significant changes 
in the microbial richness associated with the use of any drug or in the number of different 
drugs used (Spearman correlation, p > 0.05, Table S6). However, we did observe differences 
between the number of drugs used on the overall microbial composition within all 
cohorts (Population cohort: r2=0.006, FDR=0.001; IBD cohort: r2=0.015, FDR=0.001; IBS 
cohort: r2=0.014, FDR=0.0014, Table S7). PPIs were the only individual drug associated 
to compositional changes in all cohorts (Population cohort: r2=0.006, FDR=0.001; IBD 
cohort: r2=0.023, FDR=0.0006; IBS cohort: r2=0.015, FDR=0.01). 
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Table 1. Drug usage per cohort. Number and percentage of drug users in each cohort.

Drugs LifeLinesDEEP 
(n=1124)

1000 IBD
 (n=454)

MIBS 
(n=305)

ACE inhibitors 44 (4 %) 24 (5 %) 7 (2 %)
Alpha blockers 10 (1 %) 3 (1 %) 7 (2 %)
AngII receptor antagonist 33 (3 %) 10 (3 %) 17 (6 %)
Anti androgen oral contraceptive 14 (1 %) 2 (0 %) 6 (2 %)
Anti epileptics 5 (0 %) 5 (1 %) 7 (2 %)
Anti histamine 69 (6 %) 15 (4 %) 14 (5 %)
Anti-TNFa 1 (0%) 119 (25 %) 0 (0%)
Antibiotics merged 13 (1 %) 12 (3 %) 7 (3 %)
Benzodiazepine derivatives related 25 (2 %) 16 (4 %) 13 (5 %)
Beta blockers 61 (5 %) 34 (8 %) 23 (8 %)
Beta sympathomimetic inhaler 64 (6%) 16 (4 %) 16 (6 %)
Bisphosphonates 10 (1 %) 13 (3 %) 4 (1%)
Ca-channel blocker 21 (2 %) 10 (2 %) 14 (5 %)
Calcium 14 (1 %) 76 (17 %) 8 (3 %)
Iron preparations 7 (1 %) 15 (3%) 1 (0 %)
Folic acid 7 (1 %) 31 (7 %) 0 (0 %)
Insulin 4 (0 %) 11 (2 %) 0 (0 %)
IUD that includes hormones 60 (5 %) 5 (1 %) 1 (0 %)
K-saving diuretic 7 (1 %) 9 (2 %) 1 (0 %)
Laxatives 21 (2 %) 30 (7 %) 27 (9 %)
Levothyroxine 26 (2 %) 10 (2 %) 5 (2 %)
Melatonine 6 (1 %) 4 (1 %) 1 (0 %)
Mesalazines 2 (0 %) 162 (36 %) 2 (1 %)
Metformin 15 (1 %) 7 (2 %) 6 (2 %)
Methylphenidate 6 (1 %) 5 (1 %) 1 (0 %)
NSAID 42 (4 %) 21 (5 %) 22 (7 %)
Opiat 13 (1 %) 22 (5 %) 7 (2%)
Oral anti diabetics 8 (1 %) 8 (2 %) 4 (1 %)
Oral contraceptive 113 (10 %) 55 (12 %) 32 (11 %)
Oral steroid 5 (0 %) 79 (17 %) 4 (1 %)
Other antidepressant 9 (1 %) 10 (2 %) 3 (1 %)
Paracetamol 11 (1 %) 42 (9 %) 42 (14 %)
Platelet aggregation inhibitor 32 (3 %) 27 (6 %) 18 (6 %)
PPI 93 (8 %) 108 (24 %) 48 (16 %)
SSRI antidepressant 28 (2 %) 10 (2 %) 30 (10 %)
Statin 55 (5 %) 28 (6 %) 26 (9 %)
Steroid inhaler 57 (5 %) 17 (4 %) 17 (6 %)
Steroid nose spray 55 (5 %) 6 (1 %) 7 (2 %)
Thiazide diuretic 43 (4 %) 17 (4 %) 17 (6 %)
Thiopurines 0 (0%) 151 (33 %) 0 (0%)
Tricyclic antidepressant 10 (1 %) 16 (4 %) 2 (1 %)
Triptans 20 (2 %) 5 (1 %) 2 (1 %)
Vitamin D 14 (1 %) 70 (15 %) 3 (1 %)
Vitamin K antagonist 5 (0 %) 7 (2 %) 6 (2 %)
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Associated taxa and pathways with drug use
In the meta-analysis accounting for host age, sex and BMI, 154 associations between 
individual taxa and 17 groups of drugs were found to be statistically significant (FDR < 
0.05) (Figure 1a, Table S8). PPIs, metformin, vitamin D supplements and laxatives were the 
individual drugs with the largest number of associations (> 10) in the univariate analysis. 
An interesting observation was that changes in the abundance of certain specific taxa 
were associated with multiple independent drugs. For example, the abundance of 
Streptococcus salivarius was increased in users of platelet aggregation inhibitors, opiates, 
SSRI antidepressants and vitamin D supplements. We did, however, also see features that 
were specific to individual drugs: an increased abundance of Bifidobacterium dentium was 
specific to PPI users (FDR=9.38x10-7) and an increased abundance of Eubacterium ramulus 
was specific to participants using SSRI antidepressants (FDR=0.047). The use of drugs 
was also associated to functional changes in the gut. In the same analysis, 411 microbial 
pathways were related to 11 drugs (Figure 1b, Table S9).

In order to consider multiple drug groups being prescribed at the same time, we tested 
each drug adding other drugs as covariates in the linear models. Overall, 46 associations 
were found between microbial relative abundance and the use of five drugs (Figure 1b, 
Table S10). PPIs, laxatives and metformin showed the largest number of associations 
with microbial taxonomies and pathways. Despite the low number of antibiotics users, a 
decrease of Bifidobacterium longum abundance was observed in the population cohort 
(FDR=0.0046). Laxative users showed higher abundance of Alistipes and Bacteroides 
species in their microbiome. The association between SSRI antidepressant use and 
Eubacterium ramulus remained significant after correction for multi drug use (FDR=0.032). 
In the multivariate analysis, 273 pathways were associated to four drugs, including PPIs, 
laxatives, antibiotics and metformin (Table S11). Interestingly, while the use of antibiotics 
was related to lower abundance of microbial pathways such as amino-acid biosynthesis, 
the use of metformin was associated with increased bacterial metabolic potential. 
Within the category of antibiotics, tetracyclines showed the strongest association with 
the altered pathways (Table S12). All associations between taxonomy and pathways and 
individual drugs can be found in Tables S13-S46.

Cohort-specific changes in gut microbiome composition 
Changes in the gut microbiota composition in patients with IBD and IBS have been 
observed before.15,20,21 We therefore examined whether these changes were also present 
in the associations between the microbiota and the use of a drug. In the IBD cohort, 
benzodiazepine use was associated with an increased abundance of Haemophilus 
parainfluenzae (FDR=0.002, Table S47). Interestingly, this bacterium has also been 
described to be more prevalent in IBD patients than in healthy individuals. The use of 
tricyclic antidepressants was associated with an increased abundance of Clostridium 
leptum and intake of levothyroxine was associated with a higher abundance of Actinomyces 
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(FDR=0.02 and 0.003, respectively). In addition, the 17 steroid inhaler users in the IBS 
cohort showed a higher abundance of Streptococcus mutans and Bifidobacterium dentium 
in their gut microbiome (FDR=0.001 and 0.01, respectively, Table S40). Interestingly, 
patients with IBD using oral steroids showed a higher abundance of Methanobrevibacter 
smithii (FDR=0.002, Table S47). This association was also reflected at pathway level: the 
four pathways associated to the use of this drug also showed a high correlation with 
the abundance of Methanobrevibacter smithii (minimum rho coefficient=0.93, Table 
48 and Figure S2). Two of these pathways are involved in methanogenesis, one in the 
biosynthesis of vitamin B2 and the last in the biosynthesis of nucleosides. Conversely, the 
use of other medication usually prescribed to treat IBD did not show strong associations 
with the microbial composition. Only the abundance of an Erysipelotrichaceae species 
was found to be slightly increased in mesalazine users (FDR=0.047, Table S49).

Figure 1. Overview of the number of associated microbial features. A) Bar-plot showing the 
number of associations between each type of drug and microbial taxa. The univariate model 
shows the association when considering one drug at the time while taking age, sex and BMI 
into account. The multivariate model considers the use of multiple drug types while taking 
age, sex and BMI into account. B) Bar-plot showing the number of associations between 
each drug type and microbial pathways (Source data are provided as a Source Data file). 
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PPI use is related to increased function of upper-GI-tract bacteria
PPIs accounted for the largest number of associations, with a total of 40 altered taxa 
and 167 altered microbial pathways in the univariate analyses (Tables S8-S9). When 
correcting for the impact of other drug types, 24 taxa and 131 microbial pathways 
remained significantly associated with PPIs. We observed an increased abundance of 
Veillonella parvula, which is known to establish a mutualistic relation with Streptococcus 
mutans by co-aggregating and transforming the metabolic products of carbohydrate 
fermenting bacteria (FDR=1.61x10-6 and 6.13x10-24, respectively).22 Functional changes 
included the increase of fatty acid and lipid biosynthesis, fermentation NAD metabolism 
and biosynthesis of L-arginine. The pathways associated with PPI-use involves functions 
that have a broad taxonomic contribution. However, a closer look at the predicted 
microbial contribution and at the gene families involved in each pathway revealed that 
the enrichment of specific microbial mechanisms is likely to be explained by the changes 
observed in taxonomical composition. Purine deoxyribonucleoside degradation, a 
pathway used as a source of energy and carbon, was predicted from the genomes of 
more than 25 different bacterial genera (Figure 2). The increase in this function in the gut 
microbiome of PPI users can be explained by an increased abundance of Streptococcus 
species (S.salivaris, S.parasanguinis and S.vestibularis) (FDR<0.05). Three pathways 
involved in L-arginine biosynthesis (MetaCyc ID: PWY-7400, ARGSYNBSUB and ARGSYN) 
were more abundant in the microbiome of PPI users. While several bacterial taxa, 
including Bifidobacterium and Ruminococcus species, were predicted to contribute to 
these pathways, only Streptococcus mutans pathways showed a significant enrichment 
(FDR<0.05, Wilcoxon-test, Table S50). These analyses have also been performed in the 
medications metformin, antibiotics and laxatives (Tables S51-S53). Different types of PPIs, 
namely omeprazole, esomeprazole and pantoprazole, exhibited a similar effect on the 
gut microbiome. Additionally, of the 131 microbial pathways associated with PPI use, 46 
pathways also showed dosage dependent effects (FDR<0.05). For example, participants 
using a higher dosage of PPIs (more or equal to 40 mg/day) showed a marked decrease in 
a pathway involved in the biosynthesis of amino acids (PWY-724) when comparing to low 
dosage users (FDR = 0.00064, Table S12).

Metformin use is associated to changes in metabolic potential of 
enterobacteria
While changes in the abundance of Streptococcus, Coprococcus and Escherichia species 
were initially found to be enriched in metformin users, these associations were no longer 
significant when correcting for the use of other drug types. However, a suggestive 
association with Escherichia coli (FDR=0.08, Table S10) remained and, in the IBD cohort, 
the abundance of Streptococcus mutans was slightly increased in participants using this 
drug (FDR=0.05, Table S47). Strikingly, the functional implications of metformin use were 
large, even after correction for the use of other drugs, with 49 microbial pathways altered 
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compared to the non-users. Metformin use was associated with changes in the metabolic 
potential of the microbiome, in particular with increases in the butanoate production, 
quinone biosynthesis, sugar derivatives degradation and polymyxin resistance pathways 
(FDR<0.05, Table S11). Interestingly, metagenomic pathways prediction and gene family 
analyses revealed that Enterobacteriaceae species, mainly Escherichia coli, were the major 
contributors to the functional changes associated with metformin use. Our data suggest 
that physiological changes induced by metformin can provide competitive advantage to 
enterobacterial species which could potentially have implications on health (Table S51). 
Furthermore, we did not identify dosage dependent effects on metformin usage on the 
associated pathways (Table S12).

SSRI antidepressant use effect is evident in patients with IBS
SSRI antidepressants were among the top 10 most-used drugs in the IBS cohort. In users 
of this drug type, the only taxa that remained statistically significant in the multivariate 
meta-analysis was the increased abundance of Eubacterium ramulus (FDR=0.032). This 
medication category included six different subtypes of drugs in which paroxetine 
represented 32% of the SSRI-users (Table S1). Interestingly, and despite the low numbers, 
the increased abundance of Eubacterium ramulus was mainly observed in the paroxetine 
users (FDR = 0.003, Table S12). Previous research has shown that dietary flavonoids also 
lead to an increase in this species.23 Furthermore, the pathway involved in peptidoglycan 
maturation was decreased in the multivariate meta-analysis of SSRI antidepressant users 
compared to non-users (FDR=0.13). However, this finding was mainly observed in the IBS 
cohort (FDR=0.002, Table S38).

Drug use is associated to different resistome profiles
In vitro evidence is becoming available that indicates it is not only antibiotic use that 
can increase antibiotic resistance (AR): non-antibiotic drugs can also contribute to this 
mechanism.11 First, we analysed whether the total count of AR genes was increased in users 
of individual drugs compared to those not using any drugs for all three cohorts separately. 
For the general population cohort, the total amount of AR genes was increased for eight 
individual drugs (p < 0.05): anti-androgen oral contraceptives, beta-sympathomimetic 
inhalers, laxatives, metformin, NSAIDs, other oral anti-diabetics, PPIs and triptans. In the 
IBS cohort, this was the case for two individual drugs: steroid nose spray and calcium 
channel blockers (p=0.026 and p=0.034, respectively). In the IBD cohort, this increase was 
present in users of nine individual drugs (p < 0.05): PPIs, vitamin D, oral contraceptives, 
calcium, folic acid, insulin, metformin, opiates and tricyclic antidepressants. Users of 
metformin showed an increase in AR genes in the general population cohort and IBD 
cohort (p=0.002 and p=0.046). In both the general population cohort and the IBD cohort, 
an increase in AR genes was present in participants using PPIs (p=0.001 and p=0.021, 
respectively) (Table S54).  
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To identify which drug groups were related with an increase of individual AR genes, 
we analysed the abundances of individual AR genes. In all three cohorts, we identified 
consistent increases in three AR gene markers in the PPI users compared to participants 
not using any drugs (FDR < 0.05). These genes belong to tetA, tetB and Mel (ARO:3004033, 
ARO:3004032 and ARO:3000616, respectively) and are parts of efflux pumps which 
pump certain types of antibiotics out of the bacteria and thereby inhibit the working 
mechanisms of these antibiotics.24,25 For tetA and tetB this affects the antibiotic group 
tetracyclines and for Mel it affects the antibiotic group macrolides.24,25 These AR markers 
have the highest correlations with Streptococcus parasanguinis (rho’s between 0.56-0.75). 
We identified three ARs that have also been tested in vitro.11 The AR TolC, for example, 
is known to be involved in multiple multi-drug efflux pumps24 and was statistically 
significantly increased in sex drug groups: three in the general population cohort (PPI, 
statin and metformin) and two in the IBS cohort (steroid nose spray and levothyroxin) 
and one in the IBD cohort (tricyclic antidepressants). Another example of an in vitro tested 
AR is mdtP, also a multi-drug resistance efflux pump, which was increased in metformin 
users in our general population cohort (FDR=0.001) and in tricyclic antidepressants in the 
IBD cohort (FDR=0.017, Table S55). 

Discussion
 

In this study we have shown the influence of commonly used drugs on gut microbiome 
composition, microbial functions and AR mechanisms in both the general population 
and in individuals with GI diseases while also considering the clinical context, where 
polypharmacy and comorbidities play an important role. In addition, we observed how 
drug-associated changes also have implications for the clinically relevant feature of AR. 
Interestingly, for 17 different drugs we observed across the three cohorts, an increase in 
total AR genes in users compared to participants not using any drugs. We observed that 
the overall composition of the gut ecosystem is only consistently altered by the use of PPIs 
and the number of drugs used. While the effect of PPI use can potentially be explained by 
changes in acidity facilitating the growth of upper intestinal bacterial in the gut, the effect 
of the number of drugs used could reflect either severe health conditions that impact the 
microbiome composition or a bigger stress on the gut environment caused by multiple 
drug intake. In addition, we did not observe any change in the microbial richness with 
multi-drug use, suggesting that there is not a clear depletion or colonization of bacteria.

We identified over 500 drug combinations. Even though we could not analyse specific 
drug combinations separately because of the limited numbers of each combination, we 
could show the importance of taking multiple drug use into account using two strategies: 
identifying associations of drug use with individual taxa by including (multivariate) or not 
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including (univariate) all other drug used in our linear models. As depicted in Figure 1, 
we identified large differences in the number of associated taxa and pathways and the 
number of different drugs in the univariate and multivariate strategies. This demonstrates 
the added value of studying these interactions in patient groups in which polypharmacy 
and comorbidities are common. 

In the multivariate meta-analysis, we identified that usage of PPI, laxatives and antibiotics 
had the largest effect on the gut microbiome composition. These three medication 
categories have different targets: antibiotics directly target bacteria by inhibiting 
bacterial growth, and laxatives and proton-pump inhibitors have an impact on the host. A 
recent study, however, has demonstrated that chemical compounds present in common 
medication can exhibit inhibitory effect on bacterial species.11 In the case of proton-
pump inhibitors, the impact on the gut microbial composition has been suggested to 
be consequence of the combination of two mechanisms: indirect impact mediated by 
the changes in the intestinal pH, promoting the growth of typically oral bacteria, and a 
direct effect via the inhibition of certain commensal gut bacteria, including Dorea and 
Ruminococcus species.7,11,26 

In our cohort a total of 30 participants were using, or had used, antibiotics 3 months 
previous to fecal sampling. Despite the limited number of users, we showed a decreased 
relative abundance of Bifidobacterium species in the general population, consistent with 
what has been described previously.4 The decrease of Bifidobacterium abundances has 
also been shown in in-vitro studies, where multiple antibiotic chemical components 
impact the growth of these bacteria.11 A confounding factor in the study of the interaction 
between laxatives and gut microbiota is a difference in the intestinal transit time in 
patients using this medication, due to diarrhea or obstipation. For example, increased 
abundances of Bacteroides species have been described in individuals experiencing 
a fast transit time.27 This signature, however, has also been observed in mice exposed 
to the laxative polyethylene glycol (PEG). While there is no evidence of a direct effect 
of this chemical compound on the inhibition of bacterial growth, experiments in mice 
suggest that microbial changes are indirect consequences of the disruption of the gut 
osmolality.28 These changes seem to persist even weeks after the PEG administration. 
However, the long-term effect in humans has not yet been described. 

In addition, we found that the use of laxative use was associated with a higher relative 
abundance of Alistipes genus. Interestingly, this genus has also been shown to be 
decreased in children with chronic functional constipation and to be resistant to bile 
acids,29 while another identified the deficiency of bile acids in a subset of patients with 
IBS of the subtype with constipation.30 These results suggest a role for Alistipes in the 
pathogenesis of constipation. We also identified an increase of Methanobrevibacter 
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smithii in oral steroid users. Interestingly, this species has been associated with obesity 
and an increase in BMI in both rats and humans.31,32 Pathways involved in methanogenesis 
were also increased in oral steroid users, however, these pathways were linked to the 
abundance of Methanobrevibacter smithii, therefore, these functional changes are 
probably consequence of the increased abundance of this archaeon. It is believed that 
the methane produced by these species facilitates the digestion of polyfructose and 
thereby plays a role in caloric harvest.31,32 This could potentially explain the weight gain 
that is frequently observed in oral steroid users.33 In our study this effect was evident in 
the cohort of IBD patients were the larger number of oral steroid users occurred.  

Species belonging to the oral microbiome, like Streptococcus parasanguinis, are especially 
characteristic of the gut microbiome of PPI users, which is in agreement with a previous 
published study.34 As a consequence of this increase, specific AR mechanisms such as 
macrolide resistance also appear to be more abundant in faecal samples from PPI users. 
Previous studies have shown a synergistic effect of macrolides and PPIs, as indicated 
by the increased success rate of eradication therapy for H. pylori in patients receiving 
macrolides and PPIs versus macrolides alone, and this effect does not appear to be 
pH-dependent in vitro. The macrolide clarithromycin also inhibits the metabolism of 
the PPI omeprazole.35,36 Moreover, we also observe an increase of microbial functions 
characteristic of the oral bacteria, such as carbohydrate degradation pathways and an 
increase in pathways involved in L-arginine biosynthesis. Interestingly, one previous study 
has shown an important role for L-arginine in the bioavailability of the PPI omeprazole, 
which works by increasing the stability and solubility of omeprazole.37 

Our results showed an important role for Escherichia coli species in the gut microbiota of 
metformin users. Even though we could not identify any taxa associated with metformin 
use, we did identify an increased predicted metabolic potential of this species. Two 
recent studies exploring the impact of metformin on the gut microbiota showed 
significant changes in the bacterial composition and metabolic potential.9,10 Although 
both studies identify a significant enrichment of Escherichia coli in the faecal samples of 
metformin users, direct causality could not be stablished in in-vitro experiments. In our 
meta-analysis, this trend was also observed. However, it did not reach the significance 
after multiple testing correction. This could be partially explained by the fact that this 
species is already enriched in the faecal microbiota of patients with IBD. Furthermore, 
the metabolic potential of the microbial ecosystem was altered in metformin users. 
Consistently with previous studies, changes were observed in the lipopolysaccharide and 
carbohydrates metabolisms. More detailed analyses showed an enrichment in Escherichia 
coli annotated pathways and gene-families, however, this could partially be due the 
overrepresentation of this specie in the current databases. Overall, our results support 
the hypothesis that metformin has an indirect effect on the gut microbiota mediated by 
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changes in the gut environment. Moreover, we replicated the in vitro finding that the AR 
protein emrE was increased in metformin users in the general population (FDR=0.011),11 
indicating that non-antibiotic drugs can also influence the resistome profiles.

Although an interaction between acetaminophen and the gut microbiota has been 
described,38 we could not replicate this association in our study. In line with our results, 
the in-vitro study of Maier et al. showed that the administration of acetaminophen did 
not have a negative impact on bacterial growth of 40 common gut species.11 Therefore, 
the inclusion of metabolomic measurements together with host genetics is needed in 
order to identify indirect effects of the microbe-drug interactions.

The complex interaction between the use of medication, the gut microbiota and confounding 
factor, poses several limitations in our study. Firstly, the cross-sectional nature of this study 
cannot identify causality in the observed associations. Second, the use of medication by itself 
is indicative of changes in the health condition of the host, that may also be accompanied by 
changes in lifestyle, which are both known to influence the microbiome composition in the 
gut. Third, due to the wide range of disorders that the commonly used medications described 
in this manuscript are used for, it is difficult to establish a direct relation between medication 
use and its confounders. For example, PPIs are indicated for treating gastroesophageal reflux 
(GERD), but are also prescribed for disorders like bloating or co-administered with NSAIDs to 
prevent ulcers. Moreover, for drugs sold over-the-counter the indication is usually unclear. 
On the other hand, when drugs are commonly prescribed for a unique indication, such as 
metformin for type-2 diabetes, it becomes difficult to distinguish between disease impact 
on the gut microbiota and the effect of the medication use. Fourth, patients using multiple 
different drugs could be less healthy. Ideally, prospective studies with metagenomes from 
stool samples are needed at multiple time points, before and after start of certain drugs, to 
pinpoint the causality of our observed associations. To disentangle these complex relations, 
the combination of longitudinal studies (from pre-treatment to wash-out period) with in-
vitro experiments can be a good approach. 

Metagenomic sequencing studies provide insight into the associations between the use 
of medication and the changes in the microbial population in the gut, which can explain 
pharmacological mechanisms and side effects. The integration of multiple host and 
microbial measurements, however, is needed to completely understand the complexity 
of the pharmacomicrobiomics interactions. For example, faecal metatranscriptomics 
experiments will bring a better understanding of bacterial dynamics and its functional 
implications, while metabolic profiling can reveal important host-microbiota interactions 
affecting the drug metabolisms. 

Despite these limitations, we show that our study of microbiome and medication use results 
in consistent associations between functions and composition of the fecal microbiome and 
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the intake of medication. We further show that the use of multiple drugs is associated with 
overall gut microbiome composition, either as a result of the drugs themselves or as a proxy 
for the underlying diseases. It is therefore worth correcting for multiple drug use in future 
gut microbiome studies in both general population and in GI disease cohorts. 

Together our results contribute to the current knowledge of drug-microbiome 
interactions in a clinical context and provide the basis for further investigations of 
pharmacomicrobiomics and potential gut-microbiota-driven side-effects of drugs that 
are currently being prescribed.

Materials and methods

Cohort description
For this study we used three independent Dutch cohorts: 1) a general population cohort, 
LifeLines-DEEP, consisting of 1539 individuals; 2) 544 patients with IBD from the 1000IBD 
cohort of the University Medical Center of Groningen (UMCG); and 3) an IBS case-control 
cohort with 313 participants from Maastricht University Medical Center+ (MUMC+).39-

41 Drug usage was retrieved from questionnaires in the population cohort and from 
medical records in the IBD and IBS cohorts. Each medication was classified into categories 
based on its indication following the Anatomical Therapeutic Chemical code (ATC-code) 
database and its working mechanism reviewed by medical doctors (Table S1).

Faecal sampling collection and metagenomic profiling
Faecal sample collection and processing was performed similarly for all three cohorts. 
After quality control of the sequenced reads, the microbial taxonomic and functional 
profiles were determined using MetaPhlAn2 (v 2.2)42 and HUMAnN2 (v 0.10.0),43 respectively. 
The Uniref90 and Chocophlan databases were used as a reference for microbial gene 
identification. Resistome characterisation was performed using ShortBRED44 and the pre-
calculated antibiotics database provided with the tool (accession July 2017).  

Filtering and diversity measurements 
In the IBD cohort, 67 patients with stoma, pouches or short bowel syndrome were 
excluded. Furthermore, samples with a sequencing depth < 10 million reads were removed 
(n=30, 22 samples from the IBD cohort and 8 samples from the Maastricht IBS cohort). After 
filtering, 1883 samples remained for the analyses. Microbial diversities and dissimilarities 
were computed using taxonomical end-points defined as the lower and non-redundant 
taxonomical level for each branch of the phylogenetic tree. Bray-Curtis distances and 
Shannon index were calculated using the functions vegdist (method = “bray”) and diversity 
(index = “shannon”) implemented in the R package vegan (v. 2.4-1). Microbial taxa were 
removed if they were redundant, absent in at least 90% of the samples in each cohort or if 
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the mean abundance of a taxon was < 0.01%. The remaining taxa values were normalized 
using the square root arcsine transformation. Microbial pathways were transformed 
to relative abundance and considered for analyses if they were present in > 10% of the 
samples in each cohort. Finally, pathway abundances were log transformed keeping the 
zero values. In total, 194 taxonomical end-points and 321 pathways were evaluated. 

Taxonomic contribution to metabolic pathways
Pathways that were shown to be associated with medication use in the multivariate 
meta-analysis were further investigated. To estimate the bacterial contribution to each 
pathway we calculated the species-level stratified abundances using the HUmann2 
pipeline. Gene families were also extracted using the humann2_unpack_pathways script. 
Values were transformed to relative abundance and log-transformed as described above. 
For each medication category associated with changes in the metabolic potential of the 
gut microbiota, the differential abundances in the stratified pathways and gene families 
were tested using the Wilcoxon signed-rank test. Significant levels were adjusted for 
multiple testing applying the Benjamini-Hochberg correction.

Statistical analyses 

Associations to microbial community measurements

The association between each drug and bacterial diversity (Shannon Index) was evaluated 
by performing wilcoxon signed-rank tests between users and non-users. The impact of 
medication categories on the microbial overall composition (Bray Curtis dissimilarities) 
were estimated using a PERMANOVA test with 10000 permutations as implemented in 
the adonis function of vegan R package. In addition, the association between number 
of administered drugs per participant, microbial diversity and composition were tested. 
Significance levels were adjusted for multiple testing with Benjamini Hochberg method.

Individual cohort associations

Drug associations with microbial features were initially evaluated per cohort using linear 
models. Due to the multiple medication combinations it was not possible to estimate the 
effect of drug co-administration, however, to correct for this potential effect, two models 
were constructed:
(i) Association between individual taxa or pathways and specific drug types, adjusting 

for the general host factors: age, sex, BMI and sequencing depth.
(ii) Association between individual taxa or pathways and specific drug types adjusted for 

host factors (age, sex, BMI and sequencing depth) and the effect of the other 40 drugs 
available in our metadata. Additional covariates were diagnosis (Crohn’s disease, 
ulcerative colitis or inflammatory bowel disease type unclassified) in the IBD cohort 
and an IBS diagnosis in the Maastricht IBS cohort and in the general population.
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Resistome analysis
Antibiotic resistance (AR) gene abundances were calculated as the mean value of the 
normalized read counts of each marker representing a gene. AR genes present in < 10% 
of the participants were excluded from further analyses. Drug users were compared to 
participants not using any drugs in each cohort separately by performing a Wilcoxon test. 

Meta-analysis
Individual cohort associations were combined in a meta-analysis if the specific drug 
was present in all three cohorts. Overall z-scores and p-values were calculated using an 
inverse-variance-based approach as described in Willer et al.45 The p-values obtained 
were further adjusted for multiple testing using the Benjamini-Hochberg calculation 
implemented in the p.adjust function in R. Associations with an FDR < 0.1 were tested 
for heterogeneity using the function metagen of the meta R package (v. 4.8-4). Finally, 
associations were considered to be significant if the meta-analysis multiple testing 
adjusted p-values were < 0.05 (FDR < 0.05) and the heterogeneity p-value > 0.05.

Individual medication and dosage-dependent effects
Statistically significant medication-microbiome associations were further assessed for 
the differential influence of drug types within the same category and the prescription 
dosages. Medication subtypes were analysed if they were present in at least 5 participants. 
To evaluate the effect of each medication subtype, the abundance of the associated 
microbial features was compared between users of a drug subtype and participants 
not using drugs belonging to the same category. An example of that is the comparison 
between tetracycline users to participants not using antibiotics. Due to the distribution 
of the data referring to medication doses (Table S12), samples were grouped into two 
categories: “high dose” and “low dose” of each particular drug. For PPI’s this threshold 
was set to a minimum of 40 mg/day for the high dosage group and for metformin this 
minimum was set at 1000mg/day. Users of laxatives, alpha-blockers, SSRI-antidepressants 
or antibiotics of our cohort, reported similar prescription patterns or the subtypes within 
this medication categories showed major differences in dosages. Therefore, we were 
unable to analyse dosages in these medication categories. Differences between groups 
were tested using non-parametric t-test (Wilcoxon-test).

Supplementary materials 
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6969170/
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Abstract

In recent years, large efforts have been made to unravel the role of the gut microbiota 
in inflammatory bowel disease (IBD), which is a chronic inflammatory disorder of the 
gastro-intestinal tract. Considering the heterogeneity patients with IBD display in 
their disease course and response to treatment, there is a big need in translating these 
findings towards clinical practise. In this perspectives article, we discuss strategies in 
order to facilitate the transition from basic science on gut microbiota in IBD to clinical 
applications. We suggest that setting golden standards, improving and increasing the 
biobanking efforts, and studying other members of the gut microbiota are a necessary 
step to reveal the exact role of the gut microbiota in IBD. In addition, we discuss the 
potential of the gut microbiome as a clinical tool for the diagnoses, prediction and/or 
treatment of the disease. We believe that the growing interest in the gut microbiota will 
reveal its potential in the management of IBD in a not too distant future.  
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The role of the gut microbiota in IBD
Crohn’s disease (CD) and ulcerative colitis (UC) are the two main forms of inflammatory 
bowel disease (IBD), which is a chronic disorder characterized by relapsing intestinal 
inflammation. Therapeutic management is aimed at reducing intestinal inflammation, 
however, within 10 years after diagnosis, 50% of the patients with CD and 16% of patients 
with UC require surgical resection of the affected intestine. The therapeutic management 
of IBD remains a major challenge because of the partially unknown mechanisms triggering 
IBD. Furthermore, patients with IBD show a large clinical heterogeneity in their disease 
course. The presence of symptoms caused by inflammation like fatigue, weight loss, rectal 
bleeding and diarrhea and complications like strictures and development of fistulae, 
is in some patients hardly present, whilst others have these symptoms frequently and 
therefore require multiple medical interventions. Moreover, the disease can be present 
at different locations of the gastrointestinal tract and extra-intestinal manifestations like 
arthritis and uveitis could also be present. This heterogeneity introduces difficulties in 
assigning the right treatment for each patient.1,2

 
In recent years, large efforts have been made in unravelling the pathogenesis of IBD in 
which the gut microbiome has been suggested to play an important role.1,2 This is for 
example shown by the identified genetic susceptibility loci involved in the interaction 
between the host immune system and the gut microbiota.3 Moreover, in mice studies, 
germ-free animals do not develop colitis.4 In the early days, studies relied on the capacity 
of isolating and culturing individual bacterial species to investigate the role of the 
microbiota in the disease. With the development of culture-independent techniques, 
it became possible to identify “unculturable” bacteria, to study the gut microbiota in a 
high-throughput manner and to start characterizing the gut microbiota as an ecosystem.5 
Tag-sequencing the 16S ribosomal RNA gene, a gene present in bacteria and archaea, is 
an example of a widely used culture-independent technique.6 More recently, techniques 
like shotgun metagenomic sequencing have made it possible to characterize microbes 
at a higher taxonomic resolution. Based on the integration of multiple marker genes 
and genome reconstruction, it is now possible to predict bacterial strains and metabolic 
functions from sequencing experiments.7 Considering its resolution and the decrease 
in metagenomic sequencing prices, this technique is preferred for the analysis of the 
faecal microbiome. Despite its limitations, 16S rRNA sequencing can still offer certain 
advantages for microbiome studies, for example, when working with low microbial 
density environments, such as lung or intestinal biopsies in which human DNA accounts 
for a large proportion of the genetic material.  

Several researchers have applied both of the aforementioned techniques to characterize 
in a large scale the gut microbiota of patients with IBD by using faecal samples. It has been 
shown, that this group of patients present a decreased microbial richness, a depletion of 



174

CHAPTER 9

anaerobic species and short-chain fatty acid producers (e.g. Faecalibacterium prausnitzii), 
and an increase of facultative anaerobic bacteria in patients with IBD.8 Even though large 
steps have been made in unravelling the role of the gut microbiota in IBD, a unique IBD-
specific microbiome signature has yet to be identified. Here, we describe our view on 
how to improve gut microbiota research strategies in order to eventually benefit from 
the gut microbiota’s potential for clinical application (Figure 1).

Figure 1. How to move from microbiota research to its’ clinical implications in IBD

From bench to bedside: Improving current strategies for gut microbiota 
basic science
In order to optimize the clinical application of the gut microbiota in IBD, efforts have to 
be made to improve the accuracy and the reproducibility of gut microbiome research. 
Therefore, the following should be implemented into four strategies described below. 

 
Setting a gold standard

The microbiota research field is facing difficulties in reproducibility across studies. 
Therefore, it is of utmost importance to set a gold standard for conducting microbiome 
studies. This already starts at the first step of gut microbiota research, namely the 
method of faecal sample collection, in order to avoid post-collection bias in the microbial 
composition. Currently, different methods are adopted for this, for instance, adding 
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preservatives such as RNALater or ethanol to the faecal samples, or immediate freezing of 
the sample after production.9 Moreover, additional steps in gut microbiota research still 
need standardization, such as the use of DNA isolation kits, the computational tools used 
to annotate taxonomy and pathways and, ultimately, the standardization of statistical 
methods to explore microbial associations with the host or environments. Every step 
within this chain of gut microbiota research poses differences in the results and should 
therefore be standardized. As of now, several efforts are made to achieve this. The “Critical 
Assessment of Metagenome Interpretation” is an example of achieving consensus in 
the use of software in metagenomics sequencing.10 The Human Microbiome Project 
[iHMP] is also an example for the development of standards for the processing of human 
fecal samples and standardization of analyzing metagenomic sequences.11 For these 
initiatives to succeed, it is important that the whole scientific community is committed 
to collaborative efforts. Within the context of IBD, it is also important to standardize its 
definitions, for example the definition of active disease. Multiple methods are used to 
define active disease, including the use of disease activity scores, faecal calprotectin 
measurements, inflammation status derived from endoscopy or a combination of all 
these factors, including the opinion of the treating gastroenterologist.12-14 In our opinion, 
the latter definition should be the gold standard, since this is the best way to mimic the 
clinical situation. 

The need for biobanking

The study of the gut microbiota in the context of human health has two major 
bottlenecks: the influence of the environment on the gut microbiota and the complex 
host-microbiota cross-talk.  Therefore, biobanking with deep phenotyping should be a 
cornerstone in human microbiota studies. Due to its demonstrated impact on the gut 
microbiome composition, biobanks should use standardized collection protocols and 
capture enough information, for instance, on diet and medication use (like antibiotics, 
metformin and proton pump inhibitors).15 Also, when studying IBD, factors specific to this 
disease, e.g. location and intestinal resections, should be considered.8

Integrative approaches, including host genetics, immunology and metabolomic context, 
i.e. multi-omics approach, will have to disentangle the complex host-microbiome relation 
in the context of diseases. Initiatives, such as the second wave of the Integrative Human 
Microbiome Project (iHMP)11 or the Dutch 1000IBD cohort have been established to 
achieve this.16 Additionally, multi-omics datasets from birth cohorts, like the Dutch 
LifeLinesNEXT cohort including an IBD specific cohort and the “Exploring MEChanisms 
Of disease traNsmission In Utero through the Microbiome” (MECONIUM) cohort, could 
provide insight into whether alterations in early life gut microbiota is linked to the onset 
of IBD.17 The currently existing biobanks are overrepresented by participants from a 
Western ethnicity. Several recent studies, however, have shown that non-Westernized 
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populations hold a larger microbial richness.18 Therefore, the study of a more diverse 
representation of the human population will be needed to gain a complete picture of the 
gut microbiota in patients with IBD. 

Studying other members of the gut microbiota

Most of the current research on the gut microbiome is focused on bacteria and archaea 
(also known as bacteriome), however, other members of the gut ecosystem like viruses, 
fungi and eukaryotes are still understudied. Despite this, changes in the viral and fungal 
composition have been described in patients with IBD.19 Since the gut microbiota is an 
entire ecosystem with interacting microbes, it is pivotal to further explore the other 
members of the gut microbiota. From a clinical perspective, the potential role of viruses 
regulating the bacterial composition have led to exploring bacterial phage therapies in 
the context of several diseases, including IBD. 

Unraveling causality in gut microbiota research

The causal role of the gut microbiota in IBD is still under debate. Are the observed changes 
in established disease a cause of the disease or merely a consequence of intestinal 
inflammation and e.g. the use of immunosuppressive drugs? On the one hand, the 
inoculation of bacterial strains derived from IBD patients into mice models induces colitis. 
On the other hand, the observed increase of species capable of tolerating oxidative stress 
in the IBD gut, could indicate that the dysbiosis in IBD is a consequence of inflammation.20 
Functional studies are of great help in identifying causality, however, translating these 
findings towards in vivo applications could be challenging since cell lines or animal 
experiments do not fully represent the human body. New technologies like “organ-on-
chip” or more specifically “gut-on-chip” will be of great help in identifying causality by 
introducing the gut microbiota in this system and then study the interaction of the gut 
microbiota and the intestinal epithelium.21 Furthermore, longitudinal studies will be of great 
help to shed more light on the causal relations in gut microbiota research. This can either 
be in already established IBD patients -to capture different stages of disease activity-or in 
the general population to identify microbial changes before and after disease diagnosis.

Clinical potential of the gut microbiota in IBD  
The rapid increase in our knowledge concerning the role of the gut microbiota in IBD 
renders the possibility of clinical application of these findings. Clinical application of the 
gut microbiota could potentially include the use of the gut microbiota as 1) a diagnostic 
tool, 2) predicting treatment response and 3) in treating patients with IBD. 

The gut microbiota as diagnostic tool in IBD

Currently, to exclude the diagnosis IBD in an individual with IBD-like gut complaints, direct 
visualization through colonoscopies are needed. Potentially, a fecal gut microbiome 
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signature could be a quick and cheap tool for excluding the IBD diagnosis, thereby 
reducing the frequency of these invasive procedures. Different data modalities derived 
from stool samples, like 16S rRNA sequencing, metagenomic sequencing or metabolomic 
profiling, can indeed differentiate patients with IBD from non-IBD individuals, including 
individuals experiencing gastrointestinal complaints due to other conditions like irritable 
bowel syndrome.8 Further validation of the gut microbiome as a diagnostic tool is needed 
in a setting which better mimics the clinical context, e.g. validation in newly onset patients 
with IBD compared to non-IBD individuals with gastrointestinal complaints. Moreover, 
we believe that current developments in machine learning and artificial intelligence 
technologies, together with the increased availability of patient cohorts with multiple 
layers of omics data (genomics, microbiome, exposome, etc.), will assist in the design of 
diagnostic tools and personalized treatment options.  

Predicting treatment response in IBD by using the gut microbiota

The gut microbiome can contribute to drug efficacy by enzymatically transforming 
the structure of the drug influencing bioavailability and bioactivity or through indirect 
modulation of the immune response.22 In patients with metastatic melanoma, the presence 
of specific gut microbiota strains at baseline predicted efficacy of immune checkpoint 
inhibitor treatment.23 In patients with CD it was also shown that the gut microbiota has a 
predictive potential. In patients with CD using the anti-integrin therapy Vedolizumab, it 
was shown that the baseline microbiome of patients achieving remission, was enriched 
with Roseburia inulinivorans and a Burkholderiales species relative to non-responders. By 
using microbial features, treatment response could be predicted in these patients with 
high accuracy.24  The identification of presence or absence of specific gut microbiome 
signatures could also aid in the prediction of response to treatment, as part of the 
efforts towards a personalized medicine, complementing the current pharmacogenetics 
approaches already used in IBD treatment

Treating with bugs: Hopes of the gut microbiota as a therapeutic option for IBD

Due to the large gut dysbiosis observed in patients with IBD, fecal microbiota 
transplantation (FMT) has been suggested as a tool to use in the management of IBD. 
To date, the most promising effects were identified in UC rather than in CD. Even though 
FMT is perceived as a safe procedure, it currently still faces difficulties concerning safe 
donor selection, optimal frequency and route of administration and unknown long-term 
safety that need to be further explored before translation into IBD management should 
be introduced.  Also a few cases have been reported of side effects that can seriously 
compromise patients’ health.25 Therefore, ethical and health considerations need to be 
considered before implementing FMT.   
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Because the delivery of FMT into the gut of recipients includes a colonoscopy or 
administration through a nasoduodenal tube and dependency of fecal donors, multiple 
efforts have been made in designing less invasive therapies, like oral supplements 
including specific beneficial strains. FIN-524 and FIN-525 are examples of an oral pill 
including consortia of strains of beneficial lyophilized bacteria, which only regain an 
active state when entering the watery environment of the gut. These candidates, similar 
as in FMT, are aimed at restoring the abundance of beneficial bacteria and are currently 
still in development.26 Another strategy is to eliminate suspected pathobionts. An 
example of this, is the elimination of strains of Klebsiella pneumoniae, which are known 
as strong inducers of T helper 1 (TH1) immune responses when colonizing the gut, and 
indeed are more abundant in CD patients. Interesting developments include targeting 
specifically Klebsiella pneumoniae through phage therapy (drug candidate VE202).27                

Another strategy that holds a great potential is the modulation of the gut microbiome 
via the use of prebiotics or dietary patterns.  Inulin has been shown to induce the growth 
of short-chain fatty acid producers such as Lactobacilli and Bifidobacteria.28 Inducing the 
production of anti-inflammatory metabolites via the dietary-gut microbiota interaction 
has also been proposed. Mediterranean diet is known to be a protective factor for the 
development of IBD. Furthermore, an individualized food-based diet called the CD-TREAT 
diet showed reduction of inflammation in patients with active CD, with accompanying 
changes in the gut microbiome, that were similar to the gut microbiome changes induced 
by being fed enteral nutrition exclusively.29 Several other dietary interventions have 
been performed but with limited positive results.30 The lack of IBD remission on dietary 
interventions might be explained by a combination between the disease heterogeneity 
and the microbiome complexity, highlighting that the limitations of “one nutrient - one 
bug” approaches.   Alternatively, approaches integrating information on patient’s disease 
characteristics and gut microbiota signatures can help to improve strategies based on 
the use of diet as (supplementary) treatment.  

Conclusion 
As indicated by the above-mentioned examples, the use of the gut microbiota in treating 
patients with IBD is still at its infancy. Time will tell whether tackling one aspect of the 
gut microbiota is sufficient enough to treat IBD. Most likely, future IBD management will 
include a combination of microbiome directed therapies as well as the currently used 
immunosuppressive strategies. The gut microbiota composition has a great potential for 
clinical application in IBD, such as screening tools or personalized treatments. By taking 
the right steps in improving the basic science of the gut microbiota, translation towards 
clinical application will happen in a not too distant future. 
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In recent years, major steps have been made towards unravelling the pathogenesis 
of inflammatory bowel disease (IBD).1 IBD has been associated to the host genetic 
architecture, the immune system and to environmental factors, all of which, in turn, 
interact with the gut microbiota.2-11 Moreover, due to its potential for clinical application, 
the role of the gut microbiota in IBD is of great interest.12  During my scientific journey 
as a PhD student, the microbiome field transitioned from low resolution associations to 
mechanistic studies. The availability of metagenomic sequencing has allowed us to better 
characterize the gut microbiota composition on a larger scale. This, in combination with 
extensive culturing of microbes using different culture conditions (i.e. culturomics), has 
given researchers the opportunity to identify different kinds of microbes.13,14 As a result, 
the characterization of the gut microbiota in health and disease is becoming more and 
more detailed. 

Within the context of the multifactorial disorder IBD, greater attention is being given 
to integrative models in which multiple facets of the pathogenesis of the disorder are 
studied simultaneously.15-17 The Integrative Human Microbiome Project is a good example 
of a cohort with longitudinal data of multiple omics layers in patients with IBD.18 Even 
though our knowledge about IBD and the role the gut microbiota plays in it has increased 
significantly, it is still very difficult to translate these findings towards clinical practice. 

The goals of my thesis consisted of two parts. In part I (Chapters 2 through 5), the goal 
was to explore the role of the gut microbiota in the context of gastrointestinal disorders, 
more specifically in IBD and its subtypes. Considering my medical background, I am 
especially interested in investigating the clinical potential of these findings. Therefore, 
in part II (Chapters 6 through 8), I have incorporated the lessons learnt in part I into 
analysing whether the gut microbiota can be used in IBD management, specifically in the 
efficacy of medication use and the prediction of treatment outcomes. In Chapter 9, we 
set out our view on how to improve basic science in gut microbiota research and how to 
enable the clinical application of the gut microbiota in IBD. In this last chapter, I expand 
on this by discussing the main lessons learnt from the research within this thesis, as well 
as its limitations. I finish by discussing my perspectives on how the field needs to develop 
in order to translate knowledge about the gut microbiota towards clinical application in 
IBD. 
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Lessons learnt in this thesis

The gut microbiota in IBD – identifying an IBD signature
In Chapter 2, we show our efforts to identify a gut microbial signature in IBD (Figure 1). 
In concordance with previous research, this signature consists of a decrease in microbial 
richness,19 a decrease in the relative abundance of anaerobic species and butyrate 
producers such as Faecalibacterium prausnitzii and Bifidobacterium species20,21  and an 
enrichment of facultative anaerobes such as Escherichia coli22,23 in comparison with the 
general population. Moreover, our results suggest that the increase in oxidative radicals 
resulting from inflammation gives facultative anaerobes an advantage. When analysing 
individual microbial pathways, we identified signatures indicative of a pro-inflammatory 
potential in IBD. This was, for example, indicated by a decrease of short chain fatty 
acid production.24 Furthermore, various amino acids were decreased in IBD, including 
L-arginine. Supplementation of L-arginine improves inflammation in mice treated with 
dextran sulphate sodium to induce colitis.25 Interestingly, both short chain fatty acids and 
L-arginine are depleted in the faecal metabolites of patients with IBD.26 These findings 
indicate the importance of the identified pathways in the pathogenesis of IBD and 
provides one avenue for the identification of microbial-derived drug targets. Of note, 
a limitation here is that these findings are identified in cohorts containing patients who 
already had the diagnosis IBD, meaning that signals derived from these cohorts might 
reflect the impact of multiple disease-derived factors such as surgery of the intestine or 
exposure to IBD drugs. Validation of the results in, for example, treatment-naïve patients 
with IBD will provide more insight on this.

Considering the gut microbiota as an ecosystem
The gut microbiota forms an entire ecosystem, meaning that the microbes that 
collectively reside in our gut closely interact with each other and with the host. These 
microbes are also constantly exposed to environmental factors such as drugs.27 A striking 
example of disruption of this ecosystem is shown by the overgrowth of the microbe 
Clostridium difficile after antibiotic therapy.28 Currently, there is a lack of knowledge about 
how exactly these interactions occur and, therefore, about how the gut microbiota is 
collectively associated with health and disease.29,30 Based on the findings of Chapter 2, 
Chapter 3 moves beyond the discovery of independent altered microbial abundances 
in IBD to study how the microbes and microbial pathways interact with each other. 
By constructing co-abundance networks, we identified species involved in multiple 
IBD-specific co-abundance relationships. We hypothesized that these species are of 
importance in IBD pathogenesis. One example of such a species is Escherichia coli, 
which has been associated with IBD in previous studies. The abundance of Escherichia 
coli was positively correlated to Streptococcus mutans and negatively correlated to 
Faecalibacterium prausnitzii.21,31 More importantly, these co-abundance relationships 
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Figure 1. Current and future status of gut microbiota research in inflammatory bowel 
disease. Depicted are in panel A that currently by using faecal samples we mostly represent 
the colonic content of the gut microbiota, instead we should go to panel B representing the 
entire intestinal content. In panel C we should go from identifying individual microbes 
towards considering them as a gut ecosystem depicted in panel D. Finally, in E we should go 
from associations of the gut microbial findings towards panel F, i.e. causality. 

Figure 1: Current & future status of gut microbiota research in IBD
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were much weaker in non-IBD individuals, and adherent strains of Escherichia coli have 
been isolated in patients with IBD.22 Therefore, we hypothesized that certain Escherichia 
coli strains induce immune responses, thereby creating a more pro-inflammatory 
environment that allows other opportunistic species to grow. Escherichia coli could 
potentially be of interest as a microbial target for IBD because treatments targeting 
this species might also restore the other microbes involved in the co-abundances. One 
reason for this is that the enrichment of these opportunistic species in faecal samples of 
patients with IBD is a consequence of the Escherichia coli immune reaction. However, the 
results of these studies must be interpreted with caution, since there is much ongoing 
debate about whether the construction of these co-abundance networks truly reflects 
the gut microbiota as an ecosystem.32-34 While this debate is being resolved, the study of 
co-abundances can potentially prioritize taxa or pathways to be validated in follow-up 
functional studies.35,36

Studying the gut microbiota of the entire GI tract
One of the current limitations in understanding the gut microbiome is the use of faecal 
material. Although it is an accessible biomaterial that provides a lot of information about 
the host, it is not representative of the entire gastrointestinal tract. Previous research has 
shown that faecal material is highly enriched by colonic lumen bacterial content,37 even 
though the small intestine is involved in numerous processes including food digestion 
and maturation of the immune system.38,39 In Chapter 4, we studied metagenomes 
derived from faecal samples of IBD patients with an ileostomy or ileoanal pouch to 
examine the small intestinal microbiota. We identified that the diversities of the faecal 
gut microbiotas of patients with IBD were more similar to those of the small intestinal 
microbiota, as compared to that of the general population, and this was especially the 
case in patients with IBD who had undergone segmental resections. Furthermore, we 
identified that the species enriched in the small intestine are those usually found in 
the oral cavity, such as Veillonella atypica and Streptococcus salivarius.40 We therefore 
hypothesized that the reduction in the microbial diversity in the colon in IBD could 
potentially lead to opportunistic growth of pathobionts from the small intestine, thereby 
playing a role in the pathogenesis of IBD. To disentangle which bacteria are specific to the 
small intestine or due to the IBD diagnosis, faecal samples from non-IBD patients with an 
ileostomy or intestinal biopsies are needed. In addition, studying intestinal biopsies from 
the same individuals, including from the upper part of the small intestine, would help to 
study the mucosa adherent microbiota of the small intestine in the future.  

The need for replication
The lack of replication is a common issue in gut microbiota research and is a topic of debate 
within the field.41-43 This low replication rate is especially the case in gene–microbiota 
interaction studies, indicating the need for replication studies in order to provide more 
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biological certainty about previously discovered findings.44-46 In Chapter 5, our aim was 
to replicate the role of the SLC39A8 missense variant in the gut microbiota composition.47 
We were able to replicate the finding that this missense variant was enriched in patients 
with CD compared to controls, but we were not able to replicate its association with 
the gut microbiota composition. This lack of replication could be due to the differences 
between the studies, for example the use of different type of samples. Considering that 
a large effect size of the gene-microbiota interaction was described in the discovery 
paper, we initially hypothesized that we should be able to replicate the findings despite 
these differences in study design. A striking example of this is the influence of the use 
of proton pump inhibitors on the gut microbiota composition, which – due to its large 
effect size – could be replicated in very different datasets containing humans and rats.48-50 
In my opinion, the focus of research should not only be based on “novelty”, but also on 
replication and thereby validation of the findings, and scientific journals should therefore 
make room for a replication section. 

Genetics, microbiota and drugs: a step forward to precision medicine 
The development of new drugs is extremely expensive, reaching billions of euros for each 
new drug,51 which makes increasing the efficiency of drug development a crucial goal. 
In Chapter 6, we analysed the use of genetic information for the identification of drug 
targets and, more importantly, for the identification of already existing drugs that might 
be repurposed for IBD management. We identified 113 drugs or compounds that have 
potential for use in IBD treatment, ranging from existing IBD drugs, to drugs used for 
other (inflammatory) indications, to compounds in testing phase. Following the example 
of the application of this methodology in rheumatoid arthritis,52 our study shows how 
we can translate genetic findings towards clinical practice in IBD. Even though the effect 
size of a genetic risk variant is relatively small in IBD, the biological effect of targeting 
this variant by drugs can potentially be very large, as shown for HMG-CoA reductase 
inhibitors. These drugs have large effects on specific cholesterol levels in blood, while 
the genetic variants encoding HMG-CoA reductase have very small effects on the 
levels of this cholesterol.53,54 In Chapter 7, we explored whether the gut microbiota has 
a predictive potential in IBD treatment. Our aim was to predict vedolizumab response 
based on the gut microbiome composition and levels of 92 circulating proteins.55 We 
were able to predict treatment response with an area under the curve of 0.76 based on 
this information. However, we were not able replicate previous gut microbiota findings 
or our findings in an independent cohort.56 

As described earlier, it is challenging to replicate microbiota studies, due to, amongst 
other factors, the lack of a golden standard in gut microbiota research.41 In this case, 
another level of complexity was added by variability in the definition of treatment 
response. In the literature it is common to use disease severity scores, such as the Harvey 
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Bradshaw Index for CD and the Simple Clinical Colitis Activity Index for UC, to determine 
treatment response.56-58 These scores are known to be subjective and do not fully capture 
whether the IBD is in an inflammatory state, thereby representing treatment response.59-62 
This could potentially mean that different cohorts have different definitions of response 
and non-response. I therefore propose we should consider the opinion of the treating 
physician, in this case meaning the determination of treatment response based on a 
combination of factors, including the disease severity scores, faecal calprotectin levels, 
laboratory values and clinical signs of showing response as determined by a treating 
physician who knows the patient best. 

In Chapter 8, we explored the microbes-drug interaction from a different perspective. 
We aimed to study the influence of 41 commonly used drugs on the gut microbiota 
composition, since There is growing evidence that the gut microbiota also plays an 
important role in drug efficiency or the occurrence of side effects.63,64 We identified 
that proton-pump inhibitors, laxatives and antibiotics showed the largest effects on 
the gut microbiota. This has also been shown in vitro, where these drugs inhibit the 
growth of specific bacterial species.65 Furthermore, we identified an increase of the 
archaea Methanobrevibacter smithii in oral steroid users. This species is able to produce 
methane, which plays an important role in caloric harvest by facilitating the digestion 
of polyfructose.66,67 This could potentially explain the frequently observed side effect of 
weight gain in the users of steroids and the association of this species with obesity and 
increased BMI in humans and rats.66-68 Interestingly, different Bacteroides species have 
been shown in vitro to be involved in the metabolism of corticosteroids.69 However, we 
could not find this association in our data, potentially due to the increase of Bacteroides 
species associated with IBD. 

Future perspectives – improving upon current 
microbiota research

Setting standards and stimulating the scientific discussion within the 
microbiome field   
Since the gut microbiota is highly variable and complex, the lack of a golden standard 
sampling method in microbiota research is introducing heterogeneity that is contributing 
to the reproducibility problem.70 Faecal sample collection methods, such as freezing the 
sample immediately after production or the use of ethanol or RNALater as preserver, 
have an impact on the microbial composition. These methods lead to comparable 
alpha and beta diversity measurements; however, little is known about the effects of 
these different techniques on individual species.71,72 Immediately freezing samples after 
production is considered good practise, since a low temperature slows bacterial growth, 
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thereby preserving the compositional state at the time of production as much as possible. 
Keeping the sample frozen, however, introduces logistical challenges, and this has led 
many studies to choose different ways to collect the faecal samples.73 

During my PhD, I was also been involved in the logistical side of patient inclusion and the 
collection of faecal samples. We did opt for immediate freezing of the faecal sample at 
patients’ homes and to keep the samples frozen until extraction of the microbial DNA, 
as depicted in Figure 2. Many steps are needed to go from faecal sample production to 
storage in the -80⁰ C freezer at the University Medical Center Groningen. In our research 
group, we have now used this method for over 14,000 faecal samples, and we still adhere 
it. In my opinion, considering the cost/effectivity in large-scale studies, this is the optimal 
method of faecal sample collection. 

While faecal sample collection is only the first step in gut microbiota research, many more 
steps within this process still require standardization, including which DNA isolation kits 
to use, which computational steps need to be made to assign taxonomy and pathways, 
and which is the correct consequent statistical approach. Even though initiatives are 
ongoing to achieve more uniform practices,18,74 we still have a long way to go. In my 
opinion, multiple changes have to be made to improve this. First, transparency is very 
important, including sharing of raw sequencing data and making the codes used publicly 
available. Furthermore, journals should make it more attractive for researchers to conduct 
replication studies, or, more importantly, for them to respond to already existing research 
to keep the scientific debate ongoing. Researchers should therefore get more time to 
respond to already existing research. The response to an article should not be perceived 
as a negative critique of other researchers’ work, but rather as an open discussion and 
contraposition of ideas which is (or should be) in the scientific debate. Gastroenterology, a 
Q1 journal in the GI field, only allows researchers to respond on a published paper within 
a month after online publication. This timeframe limits the possibility for researchers to 
respond or conduct any replication study, thereby limiting scientific discussion.

The need for biobanks: multi-omics approaches in well-defined phenotypes
Biobanks with extensive phenotypes are important for research into the gut microbiota 
in IBD. Numerous environmental factors have been shown to influence gut microbiota 
composition in the general population, including diet, medication use and smoking.5,9 
Understanding this background is especially important in the context of IBD, where 
medications like proton pump inhibitors are regularly prescribed.75 On top of that, 
as shown in Chapter 2, there are IBD-specific factors that also influence of the gut 
microbiota, such as intestinal resections and IBD-specific medications. Well-phenotyped 
biobanks are therefore needed to take these intrinsic and extrinsic factors into account 
and, more importantly, to provide the ability to assign gut microbial changes to different 
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IBD subtypes. In Chapter 2, for example, we observed that the gut microbial changes 
are more pronounced based on the disease location rather than the separate CD 
and UC diagnoses. The same has been shown in findings with regards to the genetic 
architecture of IBD.7,76 In my opinion, we should take both the disease location and the 
separate diagnosis CD and UC into account in IBD research. This would potentially lead to 
microbiota-directed treatment strategies based on disease location. 

Furthermore, it is becoming clearer that the gut microbiota engages in complex 
interactions with the host. Therefore, we need an integrative approach in which multiple 
data layers are collected for each individual patient, the so-called multi-omics approach. 
This will capture the multiple players that are involved in the pathogenesis of IBD, i.e. 
host genetics, the immune response, the gut microbiota and environmental factors. The 
Human Microbiome Project is a good example of a project in which multiple omics levels, 
including metagenome, metatranscriptome, proteome, metabolome and virome have 
been collected within the same IBD patients at multiple timepoints.18 

During my PhD, I have been involved in the development of the 1000IBD cohort, which 
aims to collect multi-omics data for 1000 patients with IBD. Data collection for this 
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project is still ongoing.77 Even though the creation of these cohorts is very useful, being 
attached to a university hospital means that we miss out on samples from some very 
interesting groups of patients with IBD and controls. In IBD, we usually miss treatment-
naïve patients or patients with a relatively mild disease course, who are unlikely to be 
referred to a tertiary center for care. For the control group, it would be beneficial to also 
capture biomaterials such as intestinal biopsies from individuals with a positive occult 
blood test, or from individuals with gastrointestinal complaints, to rule out the influence 
of IBD. In my opinion, a wider range of medical doctors (including general practitioners 
and gastroenterologists from non-university hospitals) should be more involved in 
patients’ enrolment and sample collection. Furthermore, we should also collect more 
biomaterials from all participants entering phase I/II/III trials for which clinical approval 
for certain drugs has been given. In the case of vedolizumab, for example, it would have 
been very useful to compare the data from our patients from Chapter 7 to that of healthy 
volunteers taking vedolizumab in order to disentangle the effect on inflammation from 
the effect of the drug.

The role of the gut microbiota in IBD: cause or consequence?
Large cross-sectional studies have been very useful for gaining insights into the role of the 
gut microbiota in IBD. However, they provide very limited power to infer causality. Are the gut 
microbial changes observed in patients with IBD the cause or a consequence of the disease?  
The observed increase in aerotolerant species in IBD implies that gut microbial alterations 
are a consequence of the disease, given that inflammation leads to an increase of oxidative 
stress.22 The transfer of human gut microbiota from patients with IBD, however, has been 
shown to induce an exacerbation of colitis in germ-free mice, which indicates that the gut 
microbiota could also be the cause of IBD.78 The first longitudinal studies have helped to 
shed more light into the dynamic nature of the gut microbiota. One example is that the 
gut microbiota of patients with IBD shows more gut microbial compositional fluctuations 
than healthy individuals.18,79 Within our research group, we have started a longitudinal 
study called IBD tracker that is following 50 patients with IBD and frequently collecting 
faecal samples, with the goal of shedding more light on gut microbial changes, especially 
in active disease. 

In my opinion, we should include a variety of individuals in these longitudinal studies: 
1) established patients who have had IBD for a longer time period in order to capture 
differences in disease activity and other heterogenous features of IBD, 2)  patients with 
new onset IBD to gain more knowledge on the influence of IBD management such 
as different drug use and surgery, 3) birth cohorts such as Lifelines NEXT80 to capture 
microbial perturbations early on in life, and 4) large-scale general population cohorts to 
capture pre-IBD and post-IBD disease states and to gain insight into the fluctuations of the 
gut microbiota composition associated with the general population. Finally, within our 
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research group, we also study IBD twins and their gut microbiota in order to investigate 
genetic, environmental and gut microbial factors. 

Despite these efforts in functional and longitudinal studies, no evident cause-effect 
relationship has yet been established between the gut microbiota and IBD, for several 
reasons. One of the main limitations of functional approaches is that experiments are 
either performed in bacterial cultures or in animal models that do not fully reflect the 
human body. Since both the gut microbiota and the diagnosis IBD show large differences 
between individuals, using mice with uniform genetic make-ups and gut microbiota 
compositions does not reflect this complexity. New gut-on-a-chip technologies are 
promising methods to validate the findings. With this technology, human cells are 
used to create gut tissue, and it will be possible to introduce multiple microbes in this 
system at a later stage.81 The ideal experimental set-up here would be to test IBD and 
its interaction with multiple facets of IBD aetiology, e.g. to create gut tissue with an 
IBD genetic background then add the gut microbiota and other environmental factors 
such as drugs. Furthermore, the longitudinal studies in IBD thus far have mostly been 
performed in IBD subgroups, for example the majority of patients with IBD from the HMP 
cohort were paediatric IBD patients.18 

To truly study the entire gut microbiota, move beyond the “bacteriome”
Even though metagenomic sequencing has the potential to sequence the entire genetic 
content of the gut microbiome, thereby identifying bacteria, viruses, archaea and fungi, 
very little is known about the other members of the gut microbiota besides bacteria.82 
When using the terms “virome AND IBD” on Pubmed (search June 25th 2020), only 20 hits 
appeared, compared to 2,113 hits when entering the terms “microbiome AND IBD”. Yet 
it is estimated that there are 10 times more bacteriophages than bacteria in the human 
gut microbiome.83 Moreover, viruses have been linked to IBD pathogenesis, for example 
the alteration of bacterial functions by viruses, as is shown in Faecalibacterium prausnitzii, 
a bacterium that is decreased in IBD. Phages entering Faecalibacterium prausnitzii could 
even worsen the observed depletion of this bacterium in patients with IBD.84 Additionally, 
dysbiosis based on the fungal microbiota has been identified in patients with IBD.85 
Therefore, when studying the gut microbiota in IBD, more emphasis and focus should be 
placed on the currently under-studied members of the gut microbiota.86 

Future perspectives – towards clinical application

Hypes & hopes of the gut microbiota 
The gut microbiota has received a lot of recent attention and has been linked to numerous 
diseases, ranging from disorders within the GI tract to psychiatric disorders.87,88 Private 
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companies are now offering to analyse stool samples and make recommendations with 
regards to diet and protection against diseases based on the results.89 However, there 
is scepticism about this, and critics have highlighted that we have not yet identified 
the underlying causal relationships, we lack a definition of a healthy microbiota and 
we are missing information on how exactly factors like diet alter the gut microbiota 
composition.41 It is thus important to be aware of the gaps in current gut microbiota 
knowledge before it can be used in clinical practice. While we are still in an early stage of 
the implementation of the gut microbiota as a therapeutic option, it has a great potential 
for other clinical application as depicted in Figure 3, and in the following section I will 
elaborate on this.

Figure 3. Clinical applications of the gut microbiota in inflammatory bowel disease. 

The gut microbiota as a diagnostic tool or a tool to monitor disease course
In Chapter 2, we were able to use the gut microbiota to distinguish patients with IBD 
from members of the general population and, even more clinically relevant, from patients 
with irritable bowel syndrome (IBS). Others have also shown the predictive potential 
of the gut microbiota in IBD by using 16S rRNA sequencing or metabolomics data.26,35 
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Currently, in clinical practice, an endoscopy is needed to set the diagnosis IBD or IBS.90 
The use of gut microbiota information derived from stool samples thus has potential as 
a non-invasive diagnostic tool,91,92 especially in excluding the IBD diagnosis in patients 
with IBS. A limitation of these studies, however, is that these findings are either identified 
in already established IBD cohorts or are predicting the IBD diagnosis from individuals 
without gastrointestinal complaints. Therefore, further validation is needed that better 
mimics the clinical context before applying this tool in clinical practice. Collaborations 
with general practitioners and non-university hospitals throughout the Netherlands 
would create a great opportunity to properly test this tool in the right individuals, 
meaning patients with new onset IBD and individuals with gastrointestinal complaints. 

Once the diagnosis of IBD is made, the gut microbiota could be used as tool for monitoring 
disease course. Within our research group, we have shown that certain microbial pathways 
were decreased during exacerbations in patients with CD, e.g. there is a decrease in the 
biosynthesis of the vitamins riboflavin and thiamine, which are both known to have anti-
inflammatory properties.93 Furthermore, it has been shown longitudinally that active 
disease is linked to gut microbial perturbations.18,79 The gut microbiota can therefore be 
used to monitor IBD patients in the same way that we currently use faecal calprotectin. At 
individual level, the most applicable way to do so would be to analyse fluctuations within 
a patient instead of detecting specific species or pathways. 

Another interesting approach that needs further validation is the use of untargeted 
metabolomic platforms to identify molecules that can help in detecting microbial 
dysbiosis or disease activity. As I discussed in the introduction of this thesis, the gut 
microbiota is involved (together with the host) in the human metabolism. Residuals 
of metabolism, either small molecules or metabolites, can be measured in the faecal 
samples. In a small subset of IBD patients of the 1000IBD cohort and a cohort in the 
United States, researchers found that IBD-associated dysbiosis also has consequences 
that can be seen in the faecal metabolites. Considering that some of these metabolites 
are more easily quantified than the gut microbiota, this opens up the opportunity to use 
metabolites for cost-effective diagnosis and monitoring of IBD. 

Predicting and/or defining treatment response
A striking example of how the gut microbiota can be used to predict treatment response 
is the case of immune checkpoint inhibitors. This relatively new therapy is used in a 
variety of cancers and, interestingly, its working mechanism shows similarities with the 
pathogenesis of IBD by stimulating the immune response mediated by T-lymphocytes. 
The goal of immune checkpoint inhibitor therapy is that this immune response targets 
the tumour cells, but a common side effect of this therapy is colitis.94,95 The bacteria 
Bacteroides and Bifidobacterium were linked to an improved treatment response in mice 
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receiving checkpoint inhibitor treatment.96,97 Identifying differences in the gut microbiota 
composition before start of a therapy has proven to be more difficult in IBD. Even though 
an enrichment of Roseburia inulinivorans and Burkholderiales species has been identified 
before the start of vedolizumab treatment in patients with CD who responded to the 
therapy,63 we were not able to replicate this in Chapter 7. In my opinion, using the gut 
microbiota to predict response to biologicals is not suited to IBD. The inflammatory 
state patients with IBD are in along with the accompanying gut microbial changes 
makes it challenging to distinguish responders from non-responders. However, the 
gut microbiota is better suited for defining treatment response, since we did identify 
that the alpha diversity increased after 14 weeks in the IBD patients responding to 
vedolizumab treatment and this increase has also been observed in patients with IBD 
using other biologicals.98 In this way, the gut microbiota can function as an additional 
way to determine treatment response in a non-invasive matter. 

Using the gut microbiota as a therapeutic option

Faecal microbiota transplantation 

Based on the conception of the microbiota as an organ, some researchers have asked 
if it was possible to transplant a “healthy microbiota” into someone with an unhealthy 
microbiota. This procedure, known as faecal microbiota transplantation (FMT), consists 
of the administration of stool from a “healthy” donor to a patient suffering from a 
gastrointestinal disorder associated to the gut microbiota, either through a nasoduodenal 
tube or by infusion in the colon.99 While there is no evidence of its wide use, FMT has 
proven to be a successful treatment for Clostridium difficile infections that restores the 
microbial diversity in the gut.100 In IBD, FMT has shown more beneficial results in UC than 
in CD.101,102 In a large randomized controlled trial, 27% of patients with active UC reached 
remission after FMT, as compared to 8% in the placebo group.101 Despite these results, 
there is currently not enough support for FMT in IBD management according to the 
current guidelines. This is mostly due to uncertainties regarding the selection of the right 
donors and about the frequency and (long-term) safety of the procedure.103 The clinical 
trials performed so far have shown that FMT is thought to be a safe procedure; however, 
there are case reports in IBD where severe side effects of FMT, such as bacteraemia, have 
been described.104 Before implementing FMT in IBD treatment, more research needs to 
be performed, e.g. clinical trials that compare FMT with a golden treatment standard, 
such as mesalamine use in UC. Further studies should also include combining IBD drugs 
with FMT to see whether FMT has an additive effect on standard IBD treatment.  

Prebiotics & probiotics

Administering live microbes to benefit the health of the host, in other words the use 
of probiotics, has been studied for years. It has been shown that these probiotics are 
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involved in the immune function, produce antimicrobial compounds, show interactions 
with commensals and improve the barrier function of the gut.105 In addition, the substrate 
utilized by these probiotics, so-called prebiotics, have also been suggested for use in 
the treatment of numerous diseases.106 Patients with IBD have shown interest in these 
products, as illustrated by the fact that up to 74% of the patients with IBD have used 
prebiotics and probiotics at least once in a five-year period.107 Many prebiotics and 
probiotics have shown effectiveness in animal models representing IBD, for example 
the anti-inflammatory properties of Lactobacillus acidophilus and L-arginine have been 
shown in IBD mice.108,109 However, studies in humans have shown disappointing results of 
these products in IBD. In CD, multiple randomized controlled trials have been performed, 
and none have induced or maintained remission.110,111 In pouchitis patients with UC, the 
probiotic mixture VSL#3 did show beneficial effects when combined with mesalamines.112 
Many more studies in larger sample sizes are therefore needed to test the same species, 
dosages and long-term effects before conclusions can be made about the potential role 
of prebiotics and probiotics in the treatment of IBD. 

Diet 

Patients commonly raise the question of which diet best suits their symptoms, but this 
remains a difficult question for clinicians to answer. More evidence is becoming available 
linking dietary components and inflammation. One example is dietary fibre. Beneficial 
short chain fatty acids such as butyrate are derived from dietary fibre, and high fibre 
has been linked to a diverse microbiota.113 This is especially the case in the context of 
IBD, in which butyrate producers are depleted, and clinical trials with dietary fibres have 
been suggested.114 Since the diet is a sum of individual nutrients, a few clinical trials have 
been conducted in patients with IBD studying whole diets. For example, a FODMAP diet 
lasting for 4 weeks showed beneficial effects in patients with quiescent IBD for their 
persistent gut symptoms.115 The Mediterranean diet also seems to play an important role 
in preventing IBD, as participants adhering to this diet showed a lower risk of developing 
later onset CD.116 Studying diet comes with its own challenges since it is not possible to 
include a placebo control and there are difficulties in acquiring dietary information and 
in following the complex interactions between foods and different food metabolisms in 
each individual. Dietary studies in large cohorts of patients with IBD are needed to study 
which dietary components work best for which IBD subtypes. Supplying food boxes 
containing dietary components with anti-inflammatory properties is a work in progress 
in our research department that aims to get a closer look of the role of diet as therapeutic 
option in IBD. 

Towards precision medicine in IBD using the gut microbiota

The gut microbiota has great potential for use in precision medicine in IBD. Setting the 
right treatment for each individual should not only consist of gut microbial targets, 



198

CHAPTER 10

as shown by the lack of efficiency in reaching IBD remission based on FMT, probiotics, 
prebiotics and diet. It should be an important addition to the current immunosuppressive 
strategies. Considering the heterogeneous nature of IBD, a one-size-fits-all approach is 
not suited for this indication. Large studies are needed in which stratification of patients 
with IBD can be made based on, for example, disease location or the occurrence of 
intestinal resections in order to assess which microbial targets in combination with which 
immunosuppressive agents works best. Given that IBD is a multifactorial disease – meaning 
that genetics, the immune response and other environmental factors all play a role in its 
pathogenesis – stratification based on these factors should be useful in designing the 
best therapeutic strategies. In addition to guiding treatment of IBD, I also see a role of the 
gut microbiota in other parts of IBD precision medicine, including prevention, diagnosis 
and monitoring of disease activity. In our research group, we are currently analysing the 
faecal metagenomes of >8000 individuals from the general population with the aim of 
defining a “healthy” microbiota as part of the Dutch Microbiome Project. This will help 
shed light on the prevention of IBD based on the gut microbiota. The use of the gut 
microbiota in clinical practice, including in IBD, is still in its infancy, and, as described 
in this Discussion, much research needs to be done in order to properly apply the gut 
microbiota in clinical practice. 

Conclusions
Even though major steps have been made in understanding the biology of IBD, we still 
have a long way to go before these findings can be implemented in clinical practice. 
Nevertheless, the gut microbiota holds great potential for clinical application, from 
diagnosing IBD to using it as therapeutic option. If we as a research community take the 
right steps, the implementation of the gut microbiota in the clinical practice of IBD is 
feasible in the foreseeable future. 
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Nederlandse samenvatting 

Inflammatoire darmziekten (IBD), waaronder de ziekte van Crohn en colitis ulcerosa, zijn 
chronische aandoeningen van het maagdarmstelsel, waarbij periodes van ontsteking 
afgewisseld worden met periodes van remissie. Patiënten ervaren klachten zoals 
buikpijn, diarree, vermoeidheid, rectaal bloedverlies en gewichtsverlies. Het verloop 
van de ziekte is erg verschillend tussen IBD-patiënten, waarbij sommige patiënten 
regelmatig periodes van ontsteking met bijpassende symptomen vertonen, terwijl 
andere patiënten gedurende lange tijd in remissie blijven en daarbij weinig klachten 
ervaren. Op dit moment zijn er weinig factoren of biomarkers bekend die per patiënt 
kunnen voorspellen hoe het ziekteverloop zal zijn en hoe de patiënt zal reageren op 
specifieke medicatie. Derhalve is het instellen van de juiste behandeling voor individuele 
IBD-patiënten een grote uitdaging. 

Om de werkzaamheid van IBD-behandelingen te vergroten, zijn er in de laatste jaren grote 
stappen gemaakt om de pathogenese van de ziekte te ontrafelen. De huidige hypothese 
is dat een individu met genetische predispositie voor IBD een overmatige activatie van 
het immuunsysteem vertoont als reactie op het microbioom. Het microbioom betreft 
alle microben die tezamen aanwezig zijn in de darm, en heeft belangrijke functies in 
ons lichaam, zoals het verteren van voedsel, deelnemen aan het immuunsysteem en de 
betrokkenheid in de metabolisatie van onder andere medicatie. 

In dit proefschrift wordt de rol van het microbioom in IBD en in medicatiegebruik 
beschreven. In hoofdstuk 1 wordt als introductie uitgebreider ingegaan op de 
pathogenese van IBD, hoe IBD behandeld wordt en hoe het microbioom in de context 
van IBD bestudeerd wordt. Het eerste doel van dit proefschrift was het ontrafelen van 
de rol van het microbioom op gastro-intestinale ziekten, met als focus IBD. Het eerste 
deel, genaamd “Exploring the role of the gut microbiota in IBD”, beschrijft de rol van het 
microbioom in IBD en haar subtypen. Hoofdstuk 2 beschrijft de veranderingen in het 
microbioom in patiënten met IBD. Hier worden IBD-patiënten vergeleken met individuen 
uit de algemene bevolking van Noord-Nederland en met patiënten met prikkelbare 
darmsyndroom (patiënten die ook gastro-intestinale klachten hebben, echter, zonder 
aantoonbare ontsteking in de darm). De DNA-sequencing techniek “metagenomic 
sequencing” op de ontlastingsmonsters van de deelnemers, bood de mogelijkheid om 
zowel de functies van het microbioom in kaart te brengen, als wel virulentie factoren en 
antibiotica resistentie die geassocieerd zijn met IBD. In dit hoofdstuk wordt daarbij ook 
de potentie van het microbioom in de klinische praktijk aangetoond, door het resultaat 
dat het microbioom onderscheid kan maken tussen IBD en prikkelbare darmsyndroom.  
Hoofdstuk 3 biedt verdieping in de bevindingen van hoofdstuk 2, door te analyseren 
hoe individuele microben in het microbioom van IBD-patiënten en hun functies met 
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elkaar samenhangen. Door het bouwen van netwerken op basis van microben die samen 
voorkomen, zijn er microben geïdentificeerd die veel interactie vertonen met andere 
microben. Hieruit ontstond de hypothese dat deze bacteriën een belangrijke rol spelen 
in de pathogenese van IBD, bijvoorbeeld Escherichia coli en Actinomyces graevenitzii. 

In dit proefschrift wordt gebruik gemaakt van ontlastingsmonsters om het microbioom 
te bepalen, echter, deze monsters geven met name de samenstelling van het 
microbioom in de dikke darm weer. Aangezien de dunne darm ook een belangrijke 
rol speelt in gezondheid, was het doel van hoofdstuk 4 om het microbioom van de 
dunne darm in kaart te brengen. Hiervoor zijn ontlastingsmonsters gebruikt van IBD-
patiënten met een ileostoma of een ileoanale pouch (i.e. absente dikke darm). Deze 
dunne darm microbioom werd vergeleken met die van in ontlastingsmonsters van de 
algemene bevolking van Noord-Nederland (aanwezige dikke darm), en met die van IBD-
patiënten die ofwel een geschiedenis met intestinale resecties hebben (deels aanwezige 
dikke darm) ofwel nooit resecties hebben ondergaan (aanwezige dikke darm). Hierbij 
werd aangetoond dat het microbioom van de dunne darm bestaat uit bacteriën die 
ook aanwezig zijn in de mondholte, zoals Veillonella atypica en Streptococcus salivarius. 
Aangezien het ook belangrijk is om reeds bestaande bevindingen te valideren hebben 
we in hoofdstuk 5 een replicatiestudie verricht. Hierbij was het doel om de interactie 
van een genetische variant in het SLC39A8 gen en het microbioom te repliceren. In deze 
studie waren we in staat om te repliceren dat deze genetische variant geassocieerd is 
met de ziekte van Crohn, echter, niet dat deze genetische variant geassocieerd is met 
veranderingen in het microbioom. Ook kwam uit dit hoofdstuk voort dat het van belang 
is dat het onderzoeksveld meer aandacht richt op het opstellen van gouden standaarden 
in onderzoek in het microbioom. 

Deel II, genaamd “Clinical application – drugs and (meta)genomics”, had als doel om op basis 
van de bevindingen van deel I een vertaalslag te maken naar de klinische praktijk. Grote 
verbeteringen kunnen namelijk aangebracht worden om bijvoorbeeld de ontwikkeling 
van medicijnen in IBD efficiënter te maken. In hoofdstuk 6 wordt aangetoond dat nieuwe 
aangrijpingspunten voor IBD-medicatie kunnen worden geïdentificeerd, door gebruik te 
maken van genetische informatie. Daarnaast is er in dit hoofdstuk ook aangetoond dat 
medicatie die bekend is werkzaam te zijn voor andere aandoeningen, potentieel ook 
interessant kunnen zijn voor gebruik in IBD. In hoofdstuk 7 lag de focus op het relatief 
nieuwe medicijn voor IBD, genaamd vedolizumab (een a4b7-integrine remmer) waarin 
ontlasting en bloed werd verzameld alvorens en 14 weken na start van behandeling 
met vedolizumab. In dit hoofdstuk is de potentie aangetoond van het microbioom en 
circulerende eiwitten om respons op vedolizumab behandeling te voorspellen. Verder 
zijn veranderingen tijdens behandeling met vedolizumab in kaart gebracht, waarbij met 
name het microbioom longitudinale veranderingen vertoonden in de responderende 
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patiënten. In hoofdstuk 8 wordt de invloed van 41 veel gebruikte medicijnen op het 
microbioom bestudeerd, in de algemene bevolking van Noord-Nederland en bij 
patiënten met IBD waarbij co-morbiditeiten en polyfarmacie meer voorkomend zijn. Hier 
werd aangetoond dat met name maagzuurremmers, laxantia en antibiotica de grootste 
effecten op het microbioom laten zien. Deze studie draagt bij aan de bevinding dat 
het microbioom een rol speelt in de werkzaamheid van medicatie en het optreden van 
bijwerkingen. In hoofdstuk 9 wordt onze visie beschreven in hoe huidig onderzoek naar 
het microbioom in IBD verbeterd kan worden en hoe deze verbeteringen bijdragen aan 
de toepasbaarheid van het microbioom in de klinische praktijk. Deze toepasbaarheid 
bestaat uit het gebruiken van het microbioom als hulpmiddel om de diagnose IBD te 
stellen, als voorspeller van respons op behandeling en als therapeutisch middel in IBD. 
Ten slotte wordt in hoofdstuk 10 een overzicht gepresenteerd van de belangrijkste 
bevindingen die beschreven zijn in dit proefschrift, de impact van deze bevindingen in 
het veld en de limitatie van het gedane onderzoek. Verder wordt mijn opinie beschreven 
betreffend hoe het microbioom in de klinische praktijk voor patiënten met IBD gebruikt 
kan worden. 
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English summary

Inflammatory bowel diseases (IBD), including Crohn’s disease and ulcerative colitis, 
are chronic diseases of the gastrointestinal tract in which periods of inflammation are 
alternated by periods of remission. Patients suffer from complaints such as abdominal 
pain, diarrhoea, fatigue, rectal bleeding and weight loss. The disease course is very variable 
across patients with IBD; some patients regularly experience periods of inflammation 
with the accompanying symptoms, whilst others stay in remission for a long time and 
experience few symptoms throughout their disease course. Currently, very few clinical 
parameters or biomarkers are available that can predict how a patients’ disease course 
will develop and/or how the patients will respond to specific treatments. Finding the 
optimal treatment for each individual IBD patient can therefore be challenging. In recent 
years, large steps have been made to unravel the pathogenesis of IBD in order to improve 
IBD therapies. The current hypothesis is that an individual with a genetic predisposition 
for IBD has an overactivated immune response to the gut microbiota. The gut microbiota 
consists of all microbes who inhabit the intestine and has important functions in our 
body, from digesting the food we eat, to participating in the immune system and in the 
involvement of metabolizing drugs. 

In this thesis the role of the gut microbiota in IBD and in medication use is described. In 
chapter 1 an expansion is provided on the pathogenesis of IBD, the treatment of IBD and 
how the gut microbiota can be studied within the context of IBD. The first goal of this 
thesis was to unravel the role of the gut microbiota in gastrointestinal disorders, focusing 
on IBD. In part I called “Exploring the role of the gut microbiota in IBD” the role of the gut 
microbiota in IBD and its’ subtypes is described. Chapter 2 describes the gut microbial 
changes in patients with IBD. Patients with IBD are compared to general population 
individuals from the Northern part of the Netherlands and to patients with irritable 
bowel syndrome (IBS), a disorder in which patients also experience gastrointestinal 
complaints without proven inflammation of the gut. Metagenomic sequencing of the 
faecal samples offered the opportunity to also study the metabolic functions, virulence 
factors and antibiotic resistance associated with IBD. In this chapter, the potential of using 
the gut microbiota in clinical practice is shown since the gut microbiota can be used to 
distinguish patients with IBD from patients with IBS. Chapter 3 offers an in-depth analysis 
of the findings of chapter 2 by analysing how individual microbes in the gut microbiota 
of patients with IBD and the functions of these microbes are connected to each other. 
By building networks based on microbes which co-occur with each other, microbes are 
identified which show many interactions with other microbes.  From this the hypothesis 
was formed that these bacteria play an important role in the pathogenesis of IBD, such as 
Escherichia coli and Actinomyces graevenitzii.
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In this thesis faecal samples are used to characterize the gut microbiota, however, these 
samples mostly reflect the colonic content of the gut microbiota. Since the small intestine 
also plays an important role in human health, the aim of chapter 4 was to characterize 
the gut microbiota of the small intestine. Therefore, faecal samples were used from 
patients with IBD with an ileostomy or an ileoanal pouch. This small intestinal microbiota 
was compared to faecal samples of the general population of the Northern part of the 
Netherlands and to patients with IBD either with or without a medical history of intestinal 
resections. Here was shown that small intestinal microbiota consists of bacteria which 
are also present in the oral cavity, such as Veillonella atypica and Streptococcus salivarius. 
Since it is also important to validate already existing findings, in chapter 5 we performed 
a replication study. The aim of this study was to replicate the interaction of a genetic 
variant in the SLC39A8 gene and the gut microbiota. In this study we were able to replicate 
the finding that this genetic variant is associated with Crohn’s disease, however, this 
genetic variant is not associated with alterations of the gut microbiota. Therefore, it is of 
utmost importance to develop a golden standard in performing gut microbiota research. 

Part II, called “Clinical application – drugs and (meta)genomics” had the goal to translate 
the findings from part I towards clinical practice. Major improvements can be made 
in adding more efficiency in the development of drugs in IBD. In chapter 6 is shown 
that drug targets for IBD medication could be identified by using genetic information. 
Furthermore, certain drugs used for other indications could potentially be interesting for 
use in IBD. In chapter 7 the focus was on a relatively new drug for IBD called vedolizumab 
(an a4b7-integrin inhibitor), of which faecal and blood samples were collected before 
and 14 weeks after start of vedolizumab treatment. In this chapter the potential of the 
gut microbiota and circulating proteins was shown to predict response to vedolizumab 
treatment. Furthermore, alterations during vedolizumab treatment have been identified, 
in which the gut microbiota showed the most pronounced longitudinal alterations 
in patients with IBD who responded to the vedolizumab treatment. In chapter 8 the 
influence of 41 commonly used drugs on the gut microbiota is studied, in the general 
population and in patients with IBD in which co-morbidities and polypharmacy are more 
common. Here is shown that proton pump inhibitors, laxatives and antibiotics display 
the largest effects on the gut microbiota. This study contributes to identifying the role 
of the gut microbiota in the working mechanism of drugs and in the occurrence of side 
effects. In chapter 9 my vision on how to improve current research on the gut microbiota 
in IBD is explained and how these improvements contribute to clinical application of the 
gut microbiota in IBD.  This clinical application consists of using the gut microbiota as 
a tool to diagnose IBD, as predictor of treatment response or as a therapeutic option in 
IBD. Finally, in chapter 10, an overview is presented about the most important findings 
of this thesis, the impact of these findings in the research field and the limitations of the 
performed research. Furthermore, my opinion describing on how the gut microbiota can 
be used in clinical practice in IBD is provided. 
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together in the Poepgroep. 

Dr. A. Vich Vila, beste Arnau, ja ik schrijf gewoon in het Nederlands want jij kan dat! Wat 
ben ik blij en trots dat ik jou als eerste co-promotor mag noemen. We werken al jaren 
samen en we zijn zelfs op het punt beland dat we aan één blik genoeg hebben. Bij alle 
ingewikkelde analyses die je doet, vergeet je nooit de biologische/klinische relevantie. 
Ik weet zeker dat je het helemaal gaat maken in de onderzoekswereld en dat we je snel 
professor mogen noemen.  Ik hoop dat onze samenwerking nog lang zo aanblijft. 

De combinatie van Genetica en Maag-, darm-, leverziekten bracht met zich mee dat ik 
veel steun heb gehad van andere inspirerende wetenschappers. 
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Dr. E.A.M. Festen, beste Noortje, jouw begeleiding startte al tijdens mijn stage wetenschap. 
Ik was meteen al onder de indruk van jouw onderzoeksdrive en je intelligentie. In het 
begin van de stage was al die nieuwe informatie over genetica overweldigend, maar jij gaf 
me het gevoel dat het wel goed zou komen. Ondanks dat ik vervolgens voor microbioom 
onderzoek koos wat minder jouw veld is, heb ik veel gehad aan al je feedback, kritische 
vragen en je schrijfskills. Heel erg bedankt daarvoor. 

Prof. dr. A Zhernakova, dear Sasha, thank you for kindness and your willingness to help 
whenever it was needed. You bring lively discussions during our Poepgroep meetings 
and you are full of great ideas. Thank you for your support. 

Prof. dr. C. Wijmenga, beste Cisca, bedankt dat je ruimte hebt geboden op de afdeling 
Genetica zodat ik me kon ontwikkelen. Je kritische noot tijdens presentaties heeft mij 
geleerd om goed voorbereid te zijn. Bedankt voor al je advies en feedback, het heeft veel 
voor mij betekend. 

Prof. dr. G. Dijkstra, beste Gerard, ik ben je erg dankbaar voor de ZIC-infrastructuur. 
Zonder jouw hulp waren onze fenotypes nooit zo goed georganiseerd geweest. Tijdens 
besprekingen ben je altijd vol met ideeën en enthousiasme. Bedankt voor je advies. 

Tijdens alle besprekingen zoals Monday Lunch Meeting, Poepgroep en de MDL-meeting 
heb ik veel advies en feedback ontvangen van prof. dr. K.N. Faber, dr. S. Withoff, dr. I.H. 
Jonkers, prof. dr. A.J. Moshage, prof. dr. L.H. Franke, dr. V. Kumar en dr. H.J.H. Harmsen. 
Hartelijk dank daarvoor.    

De leden van de leescommissie, prof. dr. H.J. Verkade, prof. dr. D. Jonkers en prof. dr. M. 
Kleerebezem, hartelijk dank voor de goedkeuring van mijn proefschrift. 

Ook mijn paranimfen hebben een grote rol gespeeld bij het tot stand komen van mijn 
proefschrift. 

Allereerst, dr. Kloosterman, lieve Mariëlle, wat ben ik blij met een paranimf en zeker 
zo’n goede vriendin als jij. Je weet als geen ander hoe het is om een MD-PhD traject 
te doorlopen. Op het moment dat we samen in de 6:32 uur bus stapten naar Emmen 
voor onze M2-coschappen was het raak. Zoveel te bespreken ondanks het tijdstip en 
geërgerde blikken van de anderen in de bus. Nu een aantal jaren later, blijft dat geklets 
non-stop doorgaan. Ik bewonder je doorzettingsvermogen, je intelligentie en ik weet 
zeker dat je een top cardioloog gaat worden gecombineerd met research. Ik hoop dat we 
nog jaren vrienden blijven. 
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Dr. F. Imhann, lieve Floris, ook wel beroemd om zijn grote mond met een heel klein hartje. 
Jij hebt me als geen ander geleerd dat humor erg belangrijk is in je werkzaamheden 
als onderzoeker. Heel hard lachen als het meezit, maar ook een potje schelden als het 
tegenzit. Je kan verkopen als geen ander en daar heb ik veel van geleerd. Je hebt me heel 
erg gesteund, ook als even niet meezat en dat heb ik erg gewaardeerd. Floris, je bent een 
topper en ik hoop dat we in de toekomst nog veel gaan samenwerken. 

Ook andere leden van de IBD-groep hebben een belangrijke rol gespeeld in de 
totstandkoming van dit proefschrift. 

Marjolein Klaassen, lieve Marjo, mijn partner in crime. Wat kunnen wij goed keten samen 
maar als er gevlamd moet worden, dan kan dat met jou als geen ander. Even doorrammen 
en iets moois neerzetten. Ik vind het ontzettend fijn samenwerken met jou. Je bent niet 
alleen gezellig, maar ook ontzettend slim en wat groei je als onderzoeker. Ik hoop dat we 
nog een hele tijd door kunnen gaan met samenwerken. 

Ineke Tan, lieve Inie, we zijn praktisch op hetzelfde moment gestart. Ondanks dat we op 
andere onderwerpen zaten, maak jij altijd tijd voor mij vrij om mee te denken. Je droge 
humor, je passie voor lekker eten en je mooie reisvlogs maakte het superleuk om met 
je te werken. Ik hoop dat we nog lang collega’s blijven, zowel in het onderzoek als in de 
kliniek. 

Dianne Jansen, ook wel de baas van de groep genoemd! Ik zeg maar zo, geen Dianne, 
geen data. Je hebt altijd alles super goed in de pen en je bent echt onmisbaar in de 
groep. Bedankt voor alles wat je doet voor de groep, je gezelligheid en je zorgzaamheid. 
Je bent een topper!

Dear Renate, relatively new in the group, but I already enjoyed our collaboration! You are 
a critical thinker and the way you write is so pretty! I’m already looking forward to your 
PhD trajectory and I know you’ll do great. 

Dear Ranko & Shixian, also known as the “tech guys”. Thanks for all your support and 
the time you’ve spend on me explaining all these difficult analyses. Ranko, your white 
chocolate-coconut cookies are epic, feel free to bake them more often. And Shixian, 
thanks for all your presents from China!

Werna en Michiel, jullie zijn toppers en het was ontzettend leuk om jullie samenwerking 
van dichtbij mee te maken. Michiel, grote mond maar ondertussen ben je een lieve schat 
en Wer, jouw passie voor onderzoek werkt super aanstekelijk! Ik hoop dat we nog lang 
samen mogen werken. 
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Lieke, ook wel bekend als “Queen coffeebreak”. Als jij er ook bent voor onderzoek is het 
niet alleen een stuk gezelliger, maar kan ik ook goed sparren met je over het onderzoek. 
Heel erg bedankt daarvoor!

A little less involved in my research but nevertheless great co-workers, thanks to Laura, 
Amber, Esther, Yanni, Emilia, Marijn, Johannes, Cas, Melinde, Arno and Naomi. 

Een belangrijk onderdeel van dit proefschrift is de poepgroep. Het is mooi om te zien 
hoe groot de groep geworden is gedurende de jaren en dat we steeds meer experts zijn 
geworden in het microbioom onderzoek. Allen bedankt voor al jullie hulp!

Lieve Trishla, wat ben jij heerlijk gepassioneerd over je onderzoek! Verder ben je een 
keiharde werker, een doorzetter en ben je ook nog eens ontzettend slim. Wat heb ik 
genoten van onze samenwerking en ik weet zeker dat je veel gaat bereiken. Ik kijk nu al 
uit naar onze verdere samenwerking. 

Dear Lianmin, we have had some heated discussions in the name of science of which 
I’m sure we both learned a lot. I’m proud of what we achieved in our microbial networks 
paper. Thank you for the things you’ve taught me and I hope that any of my advices will 
be useful for you in the future. 

Dear Alex & Sana, you both have made me appreciate the technical sides of conducting 
gut microbiome research. Thank you for your critical eyes in order to improve my work. 

Serena, Debby, Jelle, Marwah, Johanne, Sergio, Siobhan, Soesma and many others from 
the poepgroep, thank you all for your time and constructive feedback.

Dan hebben we ook nog alle andere collega’s van de Genetica afdeling. 

Lab Michiel, ondanks dat er nul labwerk in mijn proefschrift verwerkt is, heb ik vooral van 
jou geleerd dat Da Vinci de beste pizzeria van Groningen is. Bedankt voor al die etentjes 
en je gezelligheid, hopelijk kunnen we snel weer naar Da Vinci en samen een Rocca Rubia 
drinken. 

Adriaan, met jou heb ik ook menig biertjes, koffies en etentjes genoten. Jij ook bedankt 
voor al je gezelligheid, maar ook je kritisch oog en leerzame discussies. 

Joost, al een tijdje in de kliniek, maar toch telkens als ik je weer tegenkom is het 
gezelligheid alom. Bedankt voor al jouw praat over gymsessies, huizenjacht en Emmen 
City. 
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I received from many more constructive feedback and we’ve had a lot of fun during drinks. 
Thank you Dylan, Joram, Renee, Annique, Aron, Rutger, Kim, Jody, Astrid and many more. 

Vanuit de MDL kant zou ik ook graag alle stafleden willen bedanken voor het aanvoeren 
van alle patiënten die geïncludeerd zijn voor dit proefschrift. Ook heel veel dank voor de 
IBD-verpleegkundigen Francine, Rina, Jacqueline en Brecht. En natuurlijk niet te vergeten, 
de onderzoeksverpleegkundigen Lyda en Jael, jullie spelen een zeer belangrijke rol. Lyda 
je bent een topper, heel erg bedankt dat je altijd zo meedenkt en klaar staat voor de 
patiënten. Jael, bedankt voor het versturen van de feces pakketjes naar de patiënten. 
Tevens wil ik graag Esther, Jurya en Erna bedanken voor alle hulp die jullie mij geboden 
hebben. Jullie maakten het doen van onderzoek een stuk makkelijker.

Once all the data and analyses are in place, then the art of writing it down begins. Here I 
had a lot to learn but luckily, I had the help of Kate Mc Intyre. Dear Kate, many thanks for 
lifting the papers to the next level. Every time I learn something new from you and thank 
you for all your help. 

Het combineren van een PhD met co-schappen kon nog wel eens een uitdaging zijn, 
maar wat was het fijn om vrienden en familie om me heen te hebben die voor de nodige 
ontspanning gezorgd hebben. 
 
“Ik heb me erop verheugd”, zo beginnen de vele avonden bij de familie Hooiveld met 
lekker eten en veel gezelligheid. Jahlisa, jij weet als geen ander wat je wil en je stopt 
niet totdat je het bereikt hebt. Arts-onderzoeker baan combineren met een (groot) gezin, 
jij laat zien dat dit zeker mogelijk is! Hermann, bedankt voor je humor, je nostalgische 
verhalen en al je steun. Ik ben ontzettend blij om jullie met jullie mooie kids om ons heen 
te hebben!

Lieve Daniëlle en Tina, vanaf de allereerste introductiedag van de studie Geneeskunde bij 
elkaar gekomen en sindsdien elkaar nooit uit het oog verloren. Wie had dat nou gedacht, 
dat alle booboos in het wetenschappelijk onderzoek zouden belanden? Bedankt voor 
al jullie humor, uitjes, lekker eten en vooral het gezamenlijk klagen. Ik houd ervan en ik 
hoop dat dit nog jaren voortduurt. 

Het ultieme studentenleven houdt natuurlijk ook in lidmaatschat bij de mooiste vereniging 
van Nederland. Lieve Annick, Saskia, Annie, Rixt, Noortje, Lobke en Robin, beter bekend 
als JC Köttbullar, heel erg bedankt voor al jullie steun! Jullie raken nooit verveeld van 
mijn passie voor poep en dat wordt zeker gewaardeerd. Annie, we kennen elkaar al sinds 
de brugklas, zijn dezelfde studie gaan doen en wat heb ik vaak bij je geslapen in Zwolle 
tijdens mijn co-schappen. Heel erg bedankt voor al je steun! Lieve Sas, lekker chaotisch 
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en altijd geïnteresseerd wat ik nou weer uitspook. Annick, mijn maatje, met jou kan ik 
heerlijk bijkletsen en Disney marathons houden. Bedankt voor al je steun! Lieve Noor, wij 
delen onze middelbare schoolverhalen, jaarclub en de schoonfamilie, oftewel het hele 
pakket! Ik kan altijd bij je terecht en wat ben ik blij om jou zo dichtbij te hebben. Je bent 
een topper! Rixt, wat ben je een lekkere droogkloot en ik weet zeker dat je het helemaal 
gaat maken als huisarts! Lobke, jij hebt me laten zien dat ookal weet je in het begin niet 
helemaal wat je wil, als je doorzet kom je er wel! Je bent een topper en ik weet je te 
vinden met al mijn vragen over medicatie. Robin, je bent een harde werker om je doelen 
te bereiken, daarbij lekker koppig en eigenzinnig. Als jij je hart volgt, weet ik zeker dat je 
een gelukkig leven zult leiden.

Lieve Louise, sinds groep 2 ken ik je al en we kennen elkaar dan ook door en door. Ik heb 
bewondering voor je doorzettingsvermogen en discipline. Ik ben mega trots op wat je 
allemaal bereikt hebt, zowel in de sport als in combinatie met al je werkzaamheden. Je 
bent een topper!

Lieve Robert, wat een supermooie voorkant heb je ontworpen met ook nog eens een 
persoonlijke touch. Beide zijn we nogal kort voor de kop en direct, maar ik houd ervan! 
Je bent de beste neveraad/vreef die ik ken. Je bent een top gozer en ik heb nu al zin in de 
vele malen oud & nieuw die we samen gaan vieren. 

Lieve familie Mennes, Helen en Dorian, bedankt voor de gezellige avondjes, vooral het 
Hyves bordspel zal ik niet snel weer vergeten. Lieve Pieter en Coby, soms is het maar 
lastig volgen wat ik uitspook op mijn werk. Desondanks hebben jullie mij de ruimte 
gegeven om dit proefschrift af te ronden. Heel erg bedankt daarvoor en dat jullie zulke 
fijne grootouders zijn voor Eline. 

Lieve familie Uitenboogaardt, Raoul, ondanks dat je mijn grote zus naar Utrecht 
gesleept hebt, heb ik je graag in de familie. Je droge humor, lekker veel jennen en goede 
gesprekken onder het genot van een biertje waardeer ik zeer! Lieve Do, je kent me als 
geen ander en wat ben ik trots op je! Je hebt geduldig al mijn werkverhalen aangehoord 
en ik kan altijd bij je terecht. Je bent een topper. Lieve Frummel, je bent al zo geliefd, ik 
kan niet wachten tot je er bent. 

Lieve pap en moekie, zonder jullie was dit proefschrift er niet geweest. Jullie hebben 
mij geleerd om ervoor te gaan als je iets wil en daarbij je stinkende best te doen. Jullie 
hebben mij altijd gesteund en dat jullie trots op me zijn maakt me heel blij. Ik houd van 
jullie. 
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Lieve Ralph, we zijn al zo lang bij elkaar en wat heb ik je lief. Je hebt humor, je bent 
gevoelig, je kan goed luisteren en heerlijk koken. Je staat altijd voor me klaar en ik kan me 
geen leven zonder je voorstellen. Je maakt me een beter mens en ik houd van je. 

Lieve Eline, jij bent mijn allermooiste prestatie. Ik ben zo mega trots op jou wat jij al 
bereikt hebt in je korte leventje. Je vader en ik zijn je allergrootste fan en we houden 
zielsveel van je. 
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