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Chapter 7

General discussion & Summary
The human intestinal tract is a unique setting that supplies a nutrient-rich environ-

ment for its complex microbial community that counts up to 100 trillion of microbes. All 
these microbes, including bacteria, archaea, viruses and eukarya, have co-evolved with 
the host [1]. This mutual relationship provides the host with benefits such as metabolic 
balance[2-5], processing of nutrients (including fiber digestion), vitamin synthesis, col-
onization resistance against invading pathogens[6, 7] and maturation and homeostasis 
of the gastrointestinal lymphoid tissues[8]. The initial colonization of the human intes-
tinal tract starts at birth with the rupture of the amniotic membranes and subsequent 
passage through the birth canal [9, 10]. Subsequently, microbial populations evolve 
as the host matures and the diet changes. The infant gut microbiota is very unstable, 
showing big fluctuations in composition during the first 2.5 years of life[11, 12]. Given 
the strong dynamics in the microbiota during early infancy and its strong effect on the 
maturation of the host’s immune system, a comprehensive insight into the processes 
that shape the infant microbiota is of particular importance. At around school-age the 
microbiota stabilizes [13] and resembles the mature adult composition. Once matured, 
the gut microbiota has been shown to be relatively resilient [14-17]. Nevertheless, it 
can still undergo dramatic compositional shifts, a condition known as dysbiosis, due to 
stressors like profound changes in diet, antibiotics use or diseases. 

The past years have been the golden age for microbiota research with technological 
improvements leading to a rapid expansion of knowledge on the ecological dynamics of 
gut microbiota and an exponential increase in large-scale cohort studies and publica-
tions [18]. Nevertheless, the investigation of the gut microbiota and its role in human 
health is still young and in need of more fine-tuned studies. The vast majority of micro-
biota research is still based upon cross-sectional studies that can only partially explain 
the role of the gut microbiota in health and disease.

Studying the microbiome using a longitudinal design is pivotal in order to detect 
fluctuations of the microbial community but more important to find the relationships 
between bacteria and external factors and move from cross-sectional to temporal asso-
ciations.

Moreover, to improve microbiome studies it is also key to better account for (or 
eliminate) the intrinsic compositional structure of next-generation sequencing data.

To this end, my thesis aimed to implement proper mathematical approaches prior to 
the data analysis of longitudinal data, to ensure more reliable results that can provide a 
deeper understanding on the assembly and maturation of the complex gut microbiota 
in humans and on the association between microbial perturbations with the develop-
ment or progression of diseases.

The importance of longitudinal studies on the human microbiome
Since the introduction of next-generation sequencing techniques, the microbiome 

research field has revolutionised, and the microbiome has been studied in association 
to a plethora of diseases and determinants. However, for a long time the majority of 
these studies were cross-sectional in nature, comparing the microbiota composition 
of individuals exposed to a certain determinant or suffering from a disease to that of 
individuals without such an exposure or disease. 

Such cross-sectional studies, however, cannot capture the dynamics in microbial 
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ecosystems. In particular, shifts that might occur as a result of the introduction of a spe-
cific environmental exposure, dietary changes or development or progression of diseas-
es might easily be overlooked. Shifts might include temporary blooms of specific species 
followed by stabilization of the microbiome into the original or an alternative state [19, 
20]. More importantly, cross-sectional studies are prone to selection bias, confounding 
and reverse causation (i.e., microbiota perturbations are a consequence rather than a 
cause of a disease). Many examples exist of bias in cross-sectional microbiome studies 
with the confounding effect of antidiabetic medication as a classic example[21].

In order to advance microbiome research, we should therefore move towards longi-
tudinal study designs in which the outcome of interest (e.g., disease or disease exacer-
bation) has not yet manifested in any of the participants at baseline. Prospective cohort 
studies have the potential to provide the strongest scientific evidence of all types of 
observational study designs. In addition, as prospective studies examine changes in mi-
crobial composition over time in association to a certain exposure or the manifestation 
of disease (exacerbation), each individual serve as its own control. This significantly 
reduces the number of potential confounding factors that could lead to either spurious 
or undetected associations.

For those reasons all the studies presented in this thesis have a longitudinal design. 
In chapter 3. we collected faecal samples from 98 infants repeatedly at 1-2, 4 and 8 
weeks, as well as 4, 5, 6, 9, 11 and 14 months of age. In chapter 4, 1453 stool samples 
were collected from 440 children, at 5, 13, 21 and 31 weeks of age and once again at 
school-age (6–11 years). In chapter 5, we studied the dynamics and resilience of the 
microbiota among 106 travellers that experienced a bout of diarrhoea and subsequent-
ly did or did not develop post-infectious Irritable Bowel Syndrome. In chapter 6, we 
examined the stability of the microbiota composition in 15 healthy control subjects and 
57 patients with Crohn’s disease (CD). As 22 of the CD patients developed an exacer-
bation during the course of the follow-up, we could examine whether the microbiota 
stability was associated with the disease course. 

In all studies multiple stool samples along with extensive metadata were collected 
enabling us to move from mere cross-sectional to temporal associations. 

Removing the compositionality of microbiome sequencing data us-
ing quantitative methods

Next to failing to acknowledge limitations of cross-sectional designs, another com-
mon flaw observed in microbiome studies is to not take into adequate consideration the 
compositional nature of microbiome sequencing data [22]. One way to overcome the 
compositional nature of microbiome sequencing data is to make the data quantitative 
again. In chapter 2, we investigated the use of various approaches to quantitatively pro-
file the microbiota, as opposed to the traditional relative microbiome profiling (RMP), 
to overcome the compositional structure of sequencing data. Next to the Quantitative 
Microbial Profiling using flow cytometry-based microbial load (QMP) as introduced by 
Vandeputte et al. 2017 [23], we additionally combined Propidium Monoazide pre-treat-
ment with flow cytometry-based cell counting in order to profile only intact cells (QMP-
PMA), and also performed Quantitative Microbial Profiling using qPCR to determine the 
microbial load (QMP-qPCR). Overall, our results suggested that QMP could be a promis-
ing and elegant approach to overcome the compositional structure of microbiome data 
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but is still far from perfect as the use of cell flow cytometry can introduce additional 
biases. Moreover, this technique is still too laborious to apply in large cohort studies. We 
therefore investigated the possibility to use different, more high-throughput, methods 
to quantify the microbial load of the samples such as qPCR. 

Our findings confirmed the previous observation [23] that absolute abundance pro-
files differ significantly from those generated by relative approaches. When comparing 
RMP to QMP, sample rank order concordance within the 15 most abundant genera var-
ied widely with the highest concordance observed for Fusicatenibacter and the lowest 
concordance for Blautia. The differences among relative and quantitative methods ex-
tended also to enterotypes. When using DMM clustering, we identified two enterotypes 
enriched in Bacteroides or Prevotella with a significant difference in microbial load be-
tween these enterotypes. However, this difference was absent when the microbial loads 
were determined using qPCR. 

When moving the focus on the different quantitative profile methods, we found that 
technical sources of variability may introduce additional bias depending on the quanti-
fication method being used. Generating quantitative microbiome profiles revealed that 
profiles obtained after PMAxx-treatment remained highly similar to the standard QMP 
profiles, although the observed genus richness slightly decreased upon PMAxx-treat-
ment. This indicates that free extracellular DNA does not significantly bias the tradi-
tional flow-cytometry-based QMP method, although it cannot be deduced whether the 
existing dissimilarities between QMP-PMA and QMP microbial profiles are due to the 
elimination of free extracellular DNA or merely due to the introduction of additional 
technical variation during sample handling. 

Previous studies have advocated qPCR as a more suitable and accessible alterna-
tive for microbial quantification compared to Flow-cytometry based quantification, 
although direct comparisons between both methods were lacking [24]. Our analysis 
demonstrated that quantification of bacterial load by qPCR results in highly divergent 
microbiome profiles as well as a strong decrease in the observed genus richness when 
compared to standard QMP or QMP-PMA methods. We ruled out that these deviant 
QMP-qPCR based profiles were the result of a lack of precision or sensitivity of qPCR as 
we proved that quantification of microbial load based upon Droplet Digital PCR (ddP-
CR) correlated strongly with qPCR-based quantification. Together these results prove 
that qPCR-based quantification might not be an adequate approach for quantitative 
microbiome profiling compared to flow-cytometry based quantification. Although 16S 
rRNA gene copy-number correction to account for variable in copy-numbers between 
bacterial taxa was applied in our study, the added value of this approach has recently 
been questioned as gene-copy number normalization even failed to improve the classi-
fication of 16S rRNA sequenced simple mock communities [25]. Indeed, low predictive 
accuracy and substantial disagreement has been observed between gene-copy number 
prediction tools [26]. As gene copy-number normalization is also applied in the tradi-
tional flow-cytometry-based QMP, a more comprehensive catalogue of copy numbers or 
other methods to account for variance are urgently needed. 

This implies that there is currently no high-throughput and accessible laboratory 
method available to eliminate the compositional problem of microbiome sequencing 
data at its root. Therefore, to overcome the problem while still being able to investigate 
the role of the intestinal microbiota in human health, we decided to apply a mathemat-
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ical approach to remove the compositional component from the data and thus allowing 
us to apply standard analysis techniques.

Removing the compositionality and sparseness using mathematical 
methods to ensure more reliable results and allow the implementa-
tion of new methods 

As mentioned before, compositional data belongs to the mathematical space called 
the Simplex. As a consequence, when an element in a vector of compositional data in-
creases, all the other elements together must decrease as all elements sum up to a con-
strained value. A mathematical solution to this problem was presented by Aitchison[27] 
who demonstrated how to project the compositional data from the Simplex to the Eu-
clidean space by taking the logarithm of the ratio between each value and the geometric 
mean of the values. Applying this approach, called centred log-ratio (clr) transforma-
tion, to microbiome data is challenging because of the intrinsic sparseness of the data. 
Therefore, it is important to remove the zeros in the data without introducing biases. 
For example, a common practice is to add a small pseudo counts to the zeros in order 
to make the computation of the clr possible. But as shown in many studies [28-31] , the 
choice of the exact value of the pseudo count can have a large impact on the results. We 
therefore decided to model the zeros using the Dirichlet distribution[32], prior the clr 
transformation.

In chapter 3, the implementation of the Aitchison transformation, allowed us to ob-
tain more reliable results on the effect that various ecological principles, including dis-
persal (limitation), neutral processes and environmental filtering contribute to the as-
sembly of microbial communities during early infancy. Frequently used distance-based 
ordination methods such as PCoA and dbRDA rely on metrics such as the Bray-Curtis 
distance or the Jensen-Shannon divergence and are therefore more affected by the se-
quencing depth than by the actual microbial composition of samples. This was exten-
sively illustrated by McMurdie and Holmes [33] by benchmarking the performance of 
commonly used distances and dissimilarities. The authors simulated publicly available 
data to introduce variations in sequencing depth and subsequently tested the perfor-
mance of clustering methods and differential abundance testing. The results showed 
that a decrease in sequencing depth led to a poorer performance of the clustering meth-
ods and an increase in the false discovery rate for the differential abundance testing 
[33]. Moreover, distance-based ordination methods based on relative abundance data 
will mostly discriminate samples based on the most dominant bacteria rather than 
the most variable ones. A clear demonstration of this mechanism was given by Gorvi-
tovskaia et al. [34] who demonstrated that the relative abundance of Bacteroides and 
Prevotella, rather than the underlying microbial community structures, is driving the 
separation of samples in ordination plots.  To circumvent these types of bias, we applied 
clr transformation on microbial count data which allowed us to use PCA rather than 
PCoA. Besides adequately addressing the compositionality of the data, PCA on Euclide-
an distances also allows to identify and visually represent the contribution of individual 
taxa in the variations in overall microbial community structure between samples. 

When this approach could not be used, we applied analysis methods that were de-
veloped specifically for compositional data.

The approaches to overcome the compositional nature of microbiome data applied 
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in this thesis have been carefully selected to address the research questions. It is im-
portant to stress that different transformations may be preferred depending on the an-
alytic modelling tool of choice. The application of the Aitchison transformation is rec-
ommended when performing a PCA, but different data preprocessing steps might be 
preferred when performing regression analysis,  network analysis or machine learning 
techniques (e.g., Random Forest). 

The establishment and maturation of the gut microbiota: factors 
shaping the process

During the past few years, a lively academic controversy has emerged on the exis-
tence of prenatal microbial communities and in utero colonization of the foetus[35]. 
Although several studies showed molecular microbial profiles and limited numbers of 
viable microbes in placental tissue, amniotic fluid and foetal meconium[36, 37], cur-
rent evidence favours contamination during sample collection and handling as the 
most likely source of these microbial signals[35, 38, 39]. The existence of interacting 
microbial communities in the womb that facilitate in utero colonization is thus highly 
unlikely, which makes rupture of the amniotic membranes the starting point of micro-
bial colonization. The richness and diversity of the gut right after birth is extremely low 
when compared to adults, but as demonstrated in chapters 3 and 4 gradually increases 
throughout and over the first year of life. In chapter 3 the median Shannon index of 
children aged 1-2 weeks was 1.77 compared to a median diversity of 4.04 in the ma-
ternal faecal samples collected at the same time. This difference per se might not seems 
particularly large but as those values are logarithmic an increase of one unit is associat-
ed with substantial differences in microbial diversity. Similar results were reported in 
chapter 4 in which children were sampled starting from 5 weeks of age. The assembly 
of the gut microbiota then steadily proceeded with gradual increases in microbial diver-
sity up to the age of 6-8 months postpartum where a drastic increase in richness and 
diversity occurred [Chapter 3 and 4]. Unsurprisingly, this time window coincides with 
the start of weaning, pointing towards the introduction of solid foods or the cessation of 
breast feeding as a driving force of significant increases in the infant microbial richness 
and diversity.

Our results in chapter 3 showed that longer breastfeeding duration was most 
strongly linked to a delayed increase in microbial diversity. This indicates that, regard-
less of the introduction of other food substrates, the availability of human milk main-
tains a simple microbial community dominated by only a few genera.  

When examining the overall microbial community structure in both chapter 3 and 
4, we identified 6 microbial clusters. In chapter 3, the majority of samples collected at 
1-2 weeks of age grouped into 3 clusters, dominated by Bifidobacterium (Actinobacte-
ria) for cluster 1, Escherichia (Proteobacteria) and Streptococcus (Firmicutes) for clus-
ter 4 and Bacteroides (Bacteroidetes) for cluster 6. In chapter 4, for samples collected 
at 5 weeks postpartum, only 2 cluster were prevailing and were characterized by Esch-
erichia for cluster 1, while cluster 3 was characterized by Streptococcus and Veillonella. 
The early dominance of Bacteroides in some of the infants in the LucKi cohort [Chapter 
3] could be linked to a vaginal delivery as has also been shown in several previous stud-
ies [40, 41]. Interestingly Yassour et al. [40] reported that children born via C-section 
also harboured Bacteroides strains during the first week of life but lost these bacteria 
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upon which streptococci became dominant. Nayfach et al. [42] further substantiated 
these findings by tracking the vertical transmission of bacterial strains from mother 
to infant based upon the identification of rare Single Nucleotide Polymorphism (SNP) 
characteristic of bacterial strains in shotgun metagenomic data. In line with our results 
in chapter 3, the authors show that Bacteroides and Parabacteroides are among the 
most vertically transmitted bacteria in case of vaginal delivery while transmission of 
these bacteria among C-section delivered infants was lacking. Further evidence of verti-
cal transmission of maternal gut microbiota comes from the study of Korpela et al. [43]. 
Using publicly available shotgun metagenomic sequencing the authors used rare SNPs 
that were not shared with samples from any non-family members as marker to track 
the transmission of bacterial strains. Their results not only showed that in the 87% 
of vaginal delivered infant the vertical transmission of gut microbiota involved mainly 
bacteria of the classes Actinobacteria and Bacteroidia, but also that the colonization of 
maternal strains was more persistent. Altogether, our findings that vaginal delivered 
infants shared a significantly higher proportion of Bacteroides ASVs with faecal micro-
biota of their mothers as compared to C-section delivered infants [Chapter 3] are in 
strong agreement with these previous studies.  Together these results suggest that the 
neonatal microbial composition is more strongly influenced by exposure to the mater-
nal gut microbiota than by the passage through the birth canal.

Indeed, causal evidence for the relationship between exposure to maternal faeces 
and persistence of Bacteroides has recently been demonstrated in a proof-of-concept 
study on maternal faecal microbiota transplantation in Caesarean-section delivered in-
fants [44]. The relative Bacteroidales abundance observed in the first week of life de-
creased more than 100-fold by the age of 3 weeks postpartum in C-section delivered 
infants. In contrast, the abundance of Bacteroidales (mainly Bacteroides) increased 
over the first weeks of life in C-section born infants that received maternal FMT. This 
again confirms engraftment of maternal faecal Bacteroides strains. Moreover, together 
with our findings, these results further question the benefits of bacterial baptism or 
vaginal seeding approaches [45].It remains however unclear why we could observe a 
dominance of Bacteroides in some of the children in the Dutch Lucki cohort as early 
as 1-2 weeks postpartum, whereas a similar Bacteroides dominated group of neonates 
was lacking in the German PAPS study. This is even more surprising as the proportion 
of C-section delivered infants was even lower in the latter cohort (6.6 vs. 14.3%).  Al-
though technical variation due to differences in DNA isolation protocols and sample 
collection methods could be partly responsible for this difference, national differences 
in childbirth practices likely also play a role. In contrast to Germany, where inpatient 
hospital delivery is standard practice and mothers and their newborns generally re-
main hospitalized for 3-4 days after delivery, homebirth and outpatient hospital deliv-
ery are common practice in the Netherlands. Further research on the potential impact 
of delivery practices, bowel movements during labor and in- vs. outpatient childbirth on 
the persistent colonization of Bacteroides is currently needed.

More research on priority effects, a well-known ecological concept, might also shed 
additional light on the dynamics of the infant gut colonization. The dispersion of bac-
teria from the “regional” pool is known to be affected by exposure to maternal gut mi-
crobiota, environment of delivery and contact with other persons (e.g., hospital staff). 
Altogether those elements can affect the pioneer species colonizing the infant gut. 
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Moreover, those early colonizers might change the environmental condition of the in-
fant gut, affecting the chances for other bacteria to colonize the infant gut. An example 
of this process is (nontoxigenic) Bacteroides fragilis that upon colonization the niche is 
resistant to colonization by the same, but not different, species [46]. 

Altogether these results suggest that the early colonization of the gut is a chaot-
ic but not stochastic phase characterized by a low diversity and a high interindividual 
variability, likely driven by dispersal limitation and environmental selection. In particu-
lar, vaginal delivery sets up a unique initial microbial community by exposing the child 
to maternal faeces during delivery. This was further supported by the results of our 
neutral community modelling [Chapter 3], in which Bacteroides fragilis resulted under 
negative selection in case of caesarean section.

Once the gut is colonized the maturation of the gut microbiota proceeds gradually 
and steadily towards adulthood with a major influence of dietary factors [47]. For ex-
ample, the origin and trajectory of the Bifidobacterium-dominated cluster 1 (Chapter 
3) is likely the result of a combination of different dispersal mechanisms (e.g., seeding 
by the maternal milk microbiome), as compared to the other clusters, and subsequently 
selection and drift driven by the ability of Bifidobacterium species to degrade HMOs de-
rived from breast milk. As early as of 4 weeks postpartum and onwards, dietary factors 
showed to have a greater impact on the microbial community structure than perinatal 
determinants. In particular, results from chapter 3 and 4 show that cessation of breast-
milk relate more with changes in microbial composition than introduction of solid food. 
However, in contrast to previous studies with limited number of sampling time-points 
and lack of detailed dietary data[48], our data in chapter 3 do demonstrate that also 
the type and complexity of solid foods is important for maturation of the infant gut 
microbiota. Infants with a more adult-like omnivore dietary pattern, characterized by 
the consumption of rice, pasta, fish, and meat products, at the age of 9 months had the 
most mature gut microbiota composition with highest levels of Faecalibacterium spp.  
and lowest levels of Enterococcus spp. and Staphylococcus spp. This elegantly demon-
strates the importance of longitudinal study designs and sufficient numbers of repeated 
samples when studying the effect of diet and other determinants on the highly dynamic 
infant microbiota.

Next to the impact of birth mode and diet, also dispersal from other individuals and 
companion animals appeared to affect the infant gut microbiota [Chapter 3 and 4]. 
This is in line with several previous studies [49-52], although the specific effects of sib-
ship size and pet exposure differ between studies. On this regard, future studies should 
focus on more refined microbial profiling on a strain level (e.g., by whole metagenome 
shotgun sequencing) to track the microbial dispersal from siblings and pets to new-
borns. Nonetheless, the goal to fully explain the inter-individual microbiota variations 
could be unachievable as indicated by the increasing evidence on the central role of 
stochastic events on the assembly and maturation of the gut microbiota.

Longitudinal methods to link disturbances in the maturation of the 
gut microbiota to the onset of allergic manifestations

Many epidemiological studies [53-58] suggest that the infant gut microbiota plays 
an important role in manifestation of allergic diseases and asthma, although the results 
vary considerably between studies. The lack or early samples and different ages of sam-
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ple collection, different microbial profile methods and insufficient control for poten-
tial confounders might contribute to the heterogeneity between study results[55-59]. 
Moreover, cross-sectional case-control studies cannot discriminate whether the change 
in microbiota composition is the cause or the result of the allergic manifestation. In this 
context and given the complex dynamics of gut microbiota assembly and maturation, 
longitudinal studies are important to allow analysis on the overall development of the 
infant gut microbiota. In the study presented in chapter 4, the collection of an adequate 
number of repeated samples during the first year of life and the follow-up up to school 
age together with recording of extensive metadata allowed us to implement, for the 
first time in a microbiome study, a Joint Modelling while correcting for potential con-
founders. The joint modelling combines how an exposure variable changes over time 
(longitudinal modelling of a risk factor) with the time at which an outcome event occurs 
(survival analysis). The results of the joint modelling showed that throughout the first 
year of life a higher microbial richness was associated with a lower risk and delayed 
onset of atopic dermatitis.

The collection of repeated samples during such an important time window also al-
lowed us to define the stage of maturity of the infant gut microbiota using a machine 
learning approach. We subsequently examined to what extent microbiota maturation 
was linked to atopic dermatitis. Our results [Chapter 4} showed that children that de-
veloped atopic dermatitis and allergic manifestation have a more mature microbiota in 
the earliest time points when compared to infants that remain free from allergies. After 
the first half year of life this trend appears to be reverted with a less mature microbiota 
among infants who developed allergic symptoms. 

Moreover, the longitudinal design of the study in chapter 4 allowed us to identify 
microbial taxa that were differentially abundant throughout the infancy among infants 
who did or did not developed allergic manifestations. In line with previous studies [57, 
60], the abundance of Lachnobacterium and Faecalibacterium was decreased among 
children who subsequently developed atopic dermatitis. The extensive duration of this 
decreased abundance throughout infancy suggests a protective role of those bacterial 
genera in preventing the development of atopic dermatitis. Altogether, we showed that 
applying various multivariable longitudinal models can provide additional insight into 
the temporal associations between the dynamic infant gut microbiota and the onset of 
non-communicable diseases, such as allergies.

By applying such methods, we can separate bacterial taxa likely involved in the 
pathophysiology of allergies from bacteria that merely shift as a consequence from the 
disease, its treatment or disease-related dietary restrictions. This greatly helps to unveil 
those bacteria, such as Faecalibacterium, that are suitable candidates for next-genera-
tion probiotics in the primary prevention of allergic diseases.

Gut microbiota in adult human health: the role dysbiosis in the on-
set and disease course of gastrointestinal disorders

The last decades have been characterized by numerous studies that underscored 
the role of the human gut microbiota in health and homeostasis. The microbiome is 
involved in metabolism regulation, immune maturation and response and protection 
against pathogens [61-64] just to cite a few examples. Given the involvement of the mi-
crobiome in all these pivotal functions, it is not surprising that microbial perturbations 
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(dysbiosis) have been linked to the onset and course of numerous diseases. Obesity[65], 
type II diabetes[66], activation of HIV[67], IBS[68], IBD[69], and  atopy[53-55, 57, 59] 
are few examples of a long and growing list of diseases and disorders that have been 
linked to microbial perturbations. The studies presented in Chapter 5 and 6 investigat-
ed the temporal associations between dysbiosis and Inflammatory Bowel Disease and 
Irritable Bowel Syndrome, respectively. 

Studying the microbiota prior to disease onset is often impossible for diseases that 
manifest in adulthood as it would require extremely large sample sizes and extensive 
follow-up.  Therefore, no study had previously been able to study the microbiota com-
position among individuals that subsequently developed IBS. In Chapter 5 we describe 
the first study that has examined the baseline microbiota as well as its stability and 
resilience upon a bout of diarrhoea among intercontinental travellers that subsequently 
did or did not develop post-infectious IBS. We demonstrated that, as compared to con-
trol subjects, the microbial diversity and community structure were already significant-
ly different among PI-IBS cases prior to disease onset. Longitudinal analyses moreover 
revealed differentially abundant genera, including increased Bacteroides levels, in cases 
as compared to controls from baseline onwards. These results clearly show for the first 
time that the microbiota diversity and composition can predispose to the development 
of PI-IBS after an episode of gastroenteritis. We can therefore eliminate the possibil-
ity that the microbiota alterations are merely the result of avoidance of specific food 
items that IBS patients link to worsening of symptoms or that microbiota alterations 
are epiphenomena linked to an unknown trigger of IBS. As these alternative explana-
tions could not be completely ruled out in all previous cross-sectional studies, our study 
greatly enhances the evidence for a role of the microbiota in the pathogenesis of (PI-)
IBS.

Despite the large literature on the role of the microbiota in IBD, the results on the 
role of the microbiota in disease flares are often inconsistent and sometimes even con-
tradictory.  Many cross-sectional studies compared patients the microbiota of patients 
with active Crohn ‘s Disease (CD) to that of patients in remission. The microbiota of CD 
patients with an active disease flare has been linked to  increased levels of  Enterobac-
teriaceae [70, 71] and Bacteroides spp. [70, 72], a reduction of F. prausnitzii [73-75] and 
Clostridium coccoides group [73, 76] in some but far from all studies. These inconsis-
tencies may in large part be due the inter-individual variation in microbiota composi-
tion, confounding factors, and the heterogeneous nature of CD, that can only be partly 
accounted for in cross-sectional studies. Longitudinal studies are therefore important 
to shed further light on the causal relationship between dysbiosis and disease onset 
and course. The longitudinal design of the study in Chapter 6 allowed us to compare 
the stability of the intestinal microbiota in healthy subjects as compared to CD patients. 
We showed that CD patients have a less stable faecal microbiota as compared to healthy 
subjects. This is in line with a study in which faecal samples were sequentially collected 
from patients with ulcerative colitis (UC) remaining in remission and with stable medi-
cation during a year of follow-up. Only one-third of the dominant taxa were persistently 
detected among UC patients in this study, while healthy individuals showed a remark-
able microbiota stability [77] . 

However, contrasting previous cross-sectional studies [70, 75],  by profiling multiple 
samples from CD patients with changing or stable disease activity we did not observe 
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the stability of the gut microbiota to be associated with disease course. Two other lon-
gitudinal studies also did not observe a correlation between microbial composition and 
active inflammation [78, 79]. Halfvarson and colleagues profiled the microbiota in a 
cohort of 128 IBD patients, including 49 CD patients, and observed a distinct microbiota 
as compared to healthy controls but no association with calprotectin levels, as inflam-
matory marker, in the patient group [78, 79]. In a large cohort of over 2,000 a cohort 
of non-IBD and IBD faecal samples from four countries also observed a clear dysbiosis 
in CD patients but no link with disease activity [78, 79]. Together this sharp contrast  
between case-control studies and longitudinal cohort studies when examining the link 
between the microbiota and IBD disease activity highlights the risk of identifying spuri-
ous findings and bias in cross-sectional studies.

Future perspectives
The results presented in this thesis show how much the microbiome field can ben-

efit from longitudinal study designs and appropriate statistical frameworks to answer 
biological questions. Despite the improvements the microbiome field witnessed during 
the past years, there is still a profound lack of analysis methods tailored specifically to 
handle microbiome data. Many tools have been borrowed from the ecology field and 
adjusted for microbiome studies, however those tools are not meant to handle the high 
dimensionality, sparseness and compositionality typical for the data generated in mi-
crobiome studies [33]. 

This lack of analysis methods results in the inability to answer some important 
questions on the microbe-microbe and microbe-host interactions and the mechanisms 
linking dysbiosis to diseases. Statistical challenges related to sparseness, high dimen-
sionality and complexity are becoming even more evident when applying methods with 
higher taxonomic resolution such as whole metagenome sequencing or when integrat-
ing multiple -omics data. A possible focus of future efforts is the microbial profiling 
technology itself. High-throughput and 16S rRNA gene amplicon sequencing technolo-
gies have set the path to revolutionize the microbiome field to what we know it today. 
Nonetheless as the knowledge and experience in this field grow, the awareness of its 
intrinsic limitation grows as well. It is time to re-think sequencing technologies to cre-
ate data that are not intrinsically compositional. Many efforts have been made already 
in this direction, one also presented in this thesis, but this task should ultimately be 
accomplished together with the gene sequencing industry.

On the subject of data analysis, a promising method that is becoming more and more 
present in microbiome studies is represented by network analysis. This method holds 
the potential to discover keystone species and key players in the food chain allowing a 
deeper understanding of what defines a healthy microbiota. Unfortunately, the majority 
of the studies do not account for the possible spurious correlations generated by cor-
relation indexes, i.e., Spearman’s correlation coefficient, commonly used to generate the 
interaction networks, which can lead to visually impressive interaction networks that 
are hampered by a limited validity. 

Next to studying bacterial interactions, the integration of metabolomic data with 
metagenomic data such as microbial abundance and gene pathway abundance, as well 
as extensive (clinical) metadata, is also pivotal to reveal causal pathways and leads for 
disease prevention. Further development of statistical frameworks for multi-omics 
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data integration should therefore be an important research focus. It is also important 
to stress how much the microbiome field is in need of more fundamental research on 
the gut microbiota. To define what a healthy microbiota is and what the inter-bacterial 
dynamics are. Because only answering to these questions it will be possible to make 
successful interventions to improve patient’s health. 

With respect to whole metagenome shotgun sequencing, technologies are improv-
ing at an unprecedented pace, in particular with respect to the improved quality of 
long-read sequencing technologies such as nanopore sequencing[80]. Longer reads will  
significantly simplify metagenomic data processing and assembly, yet almost all bioin-
formatic pipelines are still focused on short-read sequencing data.  Given the pace at 
which long-read sequencing is developing, time is pressing to also shift the focus from 
a bioinformatics point of view.

Last, but not least, establishing gold standards or guidelines for microbiome data 
analysis and reporting are crucially important to enable comparison of results between 
studies and facilitate more rapid sample analysis and throughput. This call was already 
made more than 10 years ago [81] and is to date still largely unaddressed. 

Together with tailored analytical methods and appropriate standards, future micro-
biome studies will benefit of bigger cohorts, more frequent sampling, and longer follow 
up to unravel the long- and short-term fluctuations of the gut microbial communities 
and how those fluctuations can impact human health later in life.

In conclusion the studies presented in this thesis demonstrate the importance of 
longitudinal study designs and appropriate analytical methods to study the microbio-
ta in health and disease.  The application of such analytical methods and longitudinal 
study designs substantially decreases the possibility of false positive findings due to 
spurious correlations, confounding factors, and reverse causalities. Together these re-
sults aid in a stronger foundation for effective microbiota-based intervention strategies 
to prevent or reduce the burden of non-communicable diseases
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