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Epirrhema

Müsset im Naturbetrachten

Immer eins wie alles achten.

Nichts ist drinnen, nichts ist draußen;

Denn was innen, das ist außen.

So ergreifet ohne Säumnis

Heilig öffentlich Geheimnis!

 

Freuet euch des wahren Scheins,

Euch des ernsten Spieles!

Kein Lebend'ges ist ein Eins,

Immer ist's ein Vieles.

- Johann Wolfgang Goethe





Zusammenfassung

Die evolutionäre Beziehung zwischen Tieren, von Schwämmen bis hin zu Säugetieren, und den

mit  ihnen assoziierten  Mikroorganismen  –  dem  Mikrobiom  –  hat  biologische  Einheiten

hervorgebracht,  die  nicht  ohne  einander  betrachtet  werden  sollten  oder  gar  könnten:  den

Metaorganismus.

Insbesondere die Existenz und die Entwicklung des Menschen als Metaorganisms hat den Fokus

wissenschaftlicher  Arbeit  auf  sich  gezogen,  denn  die  human-assoziierten  mikrobiellen

Gemeinschaften haben mutmaßlich großen Einfluss auf das Wohlbefinden  und die Gesundheit des

Wirts . Speziell das intestinale Mikrobiom, welches das größte Reservoir an Mikroorganismen im

menschlichen Körper bildet, hat das Interesse verschiedenster medizinischer Disziplinen auf sich

gezogen.  Interaktionen  von  Wirt  und  Mikroorganismen  –  dazu  gehören  Bakterien,  Archaeen,

Pilze, einzellige Eukaryoten und Viren – stehen im Zentrum vieler metabolischer Prozesse oder

können diese modulieren.

Da viele der Faktoren, die diese human-assoziierten mikrobiellen Verbünde formen noch immer

unbekannt sind, hatte diese Doktorarbeit das Ziel, zu einem tieferen Verständnis des menschlichen

Metaorganismus beizutragen.

Das  erste  Kapitel  stellt  einen  Überblick  über  die  wichtigsten  in  dieser  Arbeit  diskutierten

Konzepte, Technologien und Krankheitsbilder dar. Das zweite Kapitel betrachtet technologische

Aspekte der 16S rRNA Gen-Amplikon-basierten Analyse von mikrobiologischen Verbünden und

die  Nutzung  der  ‘Shotgun’-Metagenomsequenzierung.  Außerdem  wird  diskutiert,  wie  diese

Ansätze die Ergebnisse von Mikrobiom-Studien beeinflussen können. Durch die große Bandbreite

an  untersuchten  Modell-  und  Nicht-Modell-Organismen  im  Sonderforschungsbereich  1182

‘Ursprung und Funktionieren von Metaorganismen’ konnte diese Studie die Erkenntnis gewinnen,

dass Amplikon-basierte Strategien und Metagenomik sich gegenseitig komplementieren können.

Die Technologie der Wahl  sollte immer nur unter Betrachtung der jeweiligen mikrobiologischen

Population identifiziert werden. Des weiteren konnte durch diese Studie gezeigt werden, dass  der

evolutionäre Übergang von aquatischen zu terrestrischen Lebensformen einen großen Einfluss auf

die Wirts-assoziierte Mikrobiota hatte.

Im dritten Kapitel stehen die Betrachtung des Einflusses der genetischen Variabilität des Wirts auf

die Zusammensetzung des Mikrobioms sowie die Präsenz und Abundanz einzelner Mitglieder der

mikrobiellen  Gemeinschaft im  menschlichen  Darm  im  Zentrum.  In  zwei  Studien  -  die  erste

basierend auf 1.767 Individuen aus Norddeutschland, die zweite auf weiteren 7.275 Personen aus

Nordost- und Süddeutschland – konnten  vier bzw. 32 Abschnitte im menschlichen Genom mit

Einfluss  auf  das  Mikrobiom  identifiziert  werden.  Zusätzlich  konnten  Erkenntnisse  über  die

Bedeutung  des  AB0-Blutgruppensystems  für  die  Interaktion  mit  Bakterien  der  Bacteroides
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gewonnen  und  durch  Anwendung  Mendelscher  Randomisierung  kausative  Zusammenhänge

zwischen Darmbakterien und u.a. chronisch-entzündlichen Darmerkrankungen hergestellt werden.

Das  letzte  Ergebniskapitel,  Kapitel  4,  betrachtet krankheitsspezifische  Veränderungen  im

menschlichen  Mikrobiom.  Diese  zeigen  sich  bei  primär  sklerosierender  Cholangitis  (PSC)  und

Colitis  Ulcerosa (UC)  im  Vergleich  zu  gesunden  Kontrollpopulationen  aus  Norwegen  und

Deutschland.  Insbesondere  für  die  Gattungen  Veillonella  und  Coprococcus, letztere  steht  oft  im

Zusammenhang mit einem gesunden Darm, konnte eine Erhöhung bzw. Depletion in der relativen

Abundanz im Zusammenhang mit PSC-Erkrankung gefunden werden. Durch diese und weitere

Veränderungen konnte eine diagnostische Signatur zur Differenzierung zwischen PSC-Patienten

und  gesunden  Kontrollen  ermittelt  werden  (AUC  =  0.88).  Auch  das  Darmmykobiom  zeigte

charakteristische Veränderungen im Zusammenhang mit PSC, ausgezeichnet durch eine erhöhte

relative  Abundanz  der  Gattungen  Candida  und  Trichocladium.  Zuletzt  wurden  krankheits-

assoziierte  Veränderungen  im  Hautmikrobiom  von  Patienten  mit  atopischem  Exzem  (AE)

untersucht.  In diesem Zusammenhang wurden Unterschiede  in Hautregionen mit  akuten und

chronischen Läsionen sowie in nicht-läsionalen Hautbereichen von AE-Betroffenen im Vergleich

zu gesunden Kontrollen gefunden. Läsionen gingen mit einer erhöhten relativen Abundanz von

Staphylococcus  aureus  und  anderen  Staphylococcus  spp.  einher.  Zusätzlich  wurden  epidermale

Fettsäurezusammensetzungen  und  Mutationen  im  Filaggrin  (FLG) Gen,  einem  zentralen

Risikofaktor für AE, als Einflussgrößen auf das Hautmikrobiom erkannt.

Zusammenfassend  legen  diese  Befunde  einen  starken  Einfluss  der  Genetik  des  Wirts  auf  die

Abundanz einzelner Mikroorganismen und die Zusammensetzung des Mikrobioms als Ganzem

nahe.  Die  krankheitsassoziierten  Veränderungen  in  verschiedenen  Teilen  der  Mikrobiota

implizieren metabolische Interaktionen von Wirt und Mikroorganismen. Ob es sich bei diesen um

Ursache oder  Folge  der  jeweiligen Krankheit  handelt,  kann nicht  abschließend geklärt  werden,

jedoch deuten die Ergebnisse der Mendelschen Randomisierung auf einen aktiven Einfluss  von

Mikroorganismen  auf  komplexe  Krankheitsbilder  hin.  Die  vorgestellten  Ergebnisse  legen  den

Grundstein  für  eine  tiefergehende  Betrachtung  von  identifizierten  Mikroorganismen  (bspw.

Bacteroides  und  Trichocladium)  als  Angriffspunkt  für  die  Behandlung  von  chronischen

Entzündungserkrankungen.
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Summary

The evolutionary relationship between animals, from sponges to mammals, and their associated

assemblages of microorganism – the microbiome – created biological entities that should not and

cannot be considered without one another: the metaorganism.

Especially the existence and development of the human as a metaorganism has shifted into the

focus of scientific research, as the human-associated microbial communities are  thought to have

great impact on the host’s constitution and health. Here especially the intestinal microbiota, the

largest reservoir of microorganisms associated with the human body, has gained large interest in a

wide  range  of  medical  fields,  from  gastrointestinal  to  neurological  disorders.  Host-microbe

interactions with these commensal microbes – bacteria, archaea, fungi, unicellular eukaryotes and

viruses – are expected to integrate into and modulate a wide range of the host’s metabolic processes.

As  the  forces  shaping  the  human-associated  microbial  communities  and  the  extent  of  these

interactions  are  still  largely  unknown,  this  doctoral thesis  aimed  to  contribute  to  a  deeper

understanding of the human metaorganism.

The first chapter introduces major concepts, technologies and diseases discussed in this thesis.

Chapter  2  discusses  how  technological  aspects  of  16S  rRNA  gene  amplicon-based  surveys  of

microbial  communities  and  shotgun  metagenomic  sequencing  influence  the  outcome  of

microbiome studies. Using a wide range of microbial communities associated with model and non-

model organisms investigated in the framework of the ‘Collaborative Reseach Centre 1182 – Origin

and  Function  of  Metaorganisms’,  the  study  shows that  amplicon-based  and  metagenomic

approaches  are capable of  complementing each other, and that the choice of technology always

depends  on  the  community  under  investigation.  In  addition,  the  study  demonstrates that  the

transition from aquatic  to terrestrial  lifestyle  in the  evolutionary  history  of  animals  had major

impact on the community composition of the host-associated microbiome.

Chapter 3 investigates the effect of host-genetic variation on the community composition and the

presence and abundance of individual members and taxonomic groups of the human intestinal

microbiota. In two genome-wide association studies, one involving 1,767 individuals from Norther

Germany  and  the  other  an  additional  7,275  individuals  from  North-Eastern  and  Southern

Germany,  four  and 32  human genomic  loci  with  influence  on microbial  traits  were  identified,

respectively. In addition, the second study reveals specific ABO histo-blood group related changes

in  members  of  Bacteroides,  and  causative  effects  of  microbial  features  on  inflammatory  bowel

disease  as  well  as other  inflammatory  and  non-inflammatory  disorders  using  Mendelian

randomization.

Chapter 4  summarizes  findings  on disease-associated changes  in different  parts  of  the  human

microbiome.  Marked changes were found in the bacterial microbiota in connection with primary
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sclerosing  cholangitis  (PSC)  and  ulcerative  colitis  (UC)  in  comparison  with  healthy  control

individuals  from  Germany  and  Norway.  Especially  an  increase  in  the  relative  abundance  of

Veillonella and a decrease abundance of Coprococcus, a bacterium generally associated with intestinal

health,  were found to be robust in connection with PSC, together with a wide-ranging loss  of

diversity.  In  addition,  bacterial  signatures  that  are  useful  as  diagnostic  markers  for  the

discrimination  of  PSC  patients  and  healthy  controls  were  obtained  (AUC  =  0.88).  Also,  the

intestinal  mycobiota  exhibits  clear  differences  between  healthy  individuals  and  PSC  patients,

displayed  by  disease-associated  increases  in  relative  abundances  of the  genera  Candida  and

Humicola/Trichocladium. Lastly, disease-associated changes were found in the skin microbiota of

individuals with atopic dermatitis  (AD) at  sites with acute and chronic lesions,  as well  as non-

lesional  skin  across  all  sampled  body  sites.  Lesions  were  associated  with  increased  relative

abundances  of  Staphylococcus  aureus  and  changes  of other  Staphylococcus  spp. In  addition,

epidermal lipid composition and mutations in the filaggrin (FLG) gene, a major known risk factor

for AD, were found to be influencing skin microbiome composition.

In summary, the findings presented in this thesis suggest a strong impact of host-genetics on the

abundance of individual members of the microbiome and the community composition as a whole.

The  disease  associated  changes  in  different  parts  of  the  host  microbiota  imply  metabolic

interactions of host and microbes. Whether these are causal for or consequence of disease remains

uncertain, however, the results of Mendelian randomization suggest that members of the intestinal

microbiota actively contribute to the modulation of complex disease phenotypes.  These results

may  lead  to  an  in-depth  investigation  of  candidate  microorganisms,  such  as  Bacteroides and

Trichocladium, for potential treatment targets of chronic inflammatory diseases.
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1 Introduction

1.1 Motivation and outline

The  organisms  of  the  human  microbiota,  especially  in  the  gut,  are  assumed  to  be  in  close

interaction with the host, having influence on physiologic processes of the host and the modulation

of environmental stimuli. The developments in high-throughput sequencing technologies and the

fulfillment of the computational demands connected to the processing of the generated data have

opened vast opportunities to investigate these microbial communities at unprecedented scale. The

investigation of host-microbe and host-microbiome interactions in health and disease are the basis

to a new understanding of metazoan organisms not as  one, but as  many: a metaorganism. This

novel view can create new options for intervention, especially in complex chronic diseases, in which

to large extents disease etiology is still often unknown and potentially connected to an aberrant

interaction of host and its associated microbes. 

This thesis aims to contribute to a deeper understanding of the forces shaping the microbiome as

part of the human metaorganism and to shed light on the interaction of host and microbes in

health and disease. 

Chapter 1 gives an overview of the fundamental concepts discussed in this thesis, introducing the

central terminology surrounding microbiome research, the view of the host as metaorganisms in

close  interaction  with  its  microorganisms,  now  and  along  its  evolutionary  history,  and  briefly

describing the diseases that are subject of analysis in the upcoming chapters. 

Chapter  2 focuses  on  technical  influences  when  assessing  microbial  communities  using  next-

generation sequencing techniques, investigating the influence of target-amplicon choice and the use

of shotgun metagenomics on microbiome analysis across a broad range of hosts. The outcomes of

this  analysis  were  published  as  article  in  the  journal  Microbiome  in  September  2019  and  were

supported by efforts of the Collaborative Research Centre (CRC) 1182 - ‘Origin and Function of

Metaorganism’. This article is referred to as Article A in this thesis.

The focus in Chapter 3 lies on the influence of variation in the host’s genome on the composition

of the human intestinal  microbiota.  Two articles form the backbone of this chapter:  The first,

referred to as Article B, was published in August 2017 in the journal Gut Microbes as addendum to

an article by Wang et al. (2016) [1].  Article B introduces a permutation-free approximation of the

distance-based F-test for the improved analysis of the influence of genetic variation on beta diversity

in  a  cohort  of  almost 1,800 individuals  from around  Kiel,  Schleswig-Holstein,  Germany.  This

application reduced analysis time by orders of magnitude and identified new candidate loci for

host-microbiome  interactions.  The  second  article  in  this  chapter  follows  up  along  the  line  of

associations of microbiome and host genetics, expanding the total number of participants included
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1 Introduction

in  the  analysis  to 5-fold,  investigating  almost  9,000 individuals  from Northern (Kiel),  North-

Eastern  (Greifswald)  and  Southern  (Augsburg)  Germany  in  the  to-date  largest  single-country

microbiome GWAS. The results of this analysis were summarized in Article C and submitted to

Nature Genetics in January 2020.

Chapter 4 changes focus towards an analysis of microbial communities in the context of chronic

inflammatory disorders. Article D and Article E both focus on the disease-associated changes of the

bacterial  microbiota  in  the  cholestatic  liver  disease  primary  sclerosing  cholangitis  (PSC)  in

comparison to healthy control individuals and individuals with ulcerative colitis (UC), whereas

Article F introduces the fungal components of the microbiota as disease-associated factor in PSC.

The  Articles  D  and  F were  published  in  the  journal  Gut  in  May  2016  and  October  2019,

respectively. Article E was published in Alimentary Pharmacology & Therapeutics in June 2019. A

fourth article,  Article  G,  completes  this  chapter,  analyzing the  skin microbiota  with regard to

atopic inflammation and epidermal properties. This article was published in the Journal of Allergy

and Clinical Immunology in January 2018.

The final  Chapter 5 attempts to put the  Articles A-G into broader perspective, discussing the

outcomes of the individual studies in the light of host-microbe and host-microbiome interactions

in the human metaorganism, their implications on the host’s evolutionary history and how all this

impacts host health, also giving an outlook on ongoing and future perspectives in metaorganism-

focused microbiome analysis.

1.2 The Human as ‘Metaorganism’

1.2.1 From Microbiome to Metaorganism – Definitions

Biologist John L. Mohr is credited with coining the term ‘microbiome’ in a 1952 journal article

discussing the extent to which protozoans can be used for monitoring pollution levels in fresh

water  [2]. Mohr’s use of the term was short-hand to refer to the microbial organisms within a

sampled  environmental  site.  With  the  advent  of  ‘-omics’  and  high-throughput  nucleotide

sequencing technologies (see Chapter 1.4.1 for details), the meaning of the term ‘microbiome’ has

broadened - it now explicitly encompasses the genomic material of the present microorganisms as

well  as  their  surrounding  habitats  -  whereas  the  original,  organism-focused  meaning  has  been

replaced by the term ‘microbiota’ [3].

The assemblages of microorganisms investigated in microbiome research include a broad range of

taxonomic groups, from unicellular eukaryotes and fungi over prokaryotes (bacteria and archaea),

to viruses.  Many of these sub-entities are referred to by specific terms,  i.e. the mycobiome (the

collection  of  fungi  and  their  genetic  material  in  a  specific  environment),  the  bacteriome,  the

archaeome, and the virome (including also the phageome: the collection of bacteriophages). 
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1 Introduction

These microorganisms don’t simply co-exist, but rather they interact with each other in various

ways (see Faust & Raes [4] for details). Such interactions between organisms can lead to neutral

(0), positive (+) or negative (–) outcomes. An interaction with beneficial effects for both partners

(+|+) is called ‘mutualism’. If only one of the partners benefits from the interaction with no effect

on the other partner, this is called ‘commensalism’ (+|0). If the positive effect for one of the actors

leads to a negative effect for the other, it is called ‘parasitism’ or ‘predation’ (+|–). An interaction

that is  neutral for one partner and negative for the other (0|–) is  called ‘amensalism’, while an

interaction with negative effects on both partners is  called ‘competition’  (–|–).  Strictly neutral

effects of the partners on each other are possible (0|0), however by definition this cannot be called

an interaction. The interactions between all parties within an environment can be seen as complex

networks or ecological communities.

The  natural  environments  in  which  microbial  communities  are  found  are  manifold.  Large

initiatives have been undertaken to survey and characterize these communities on a global scale.

Notably, the Earth Microbiome Project (EMP) started in 2010 with the aim “to sequence microbes

and microbial communities from every conceivable biome” [5], whereas the Human Microbiome

Project (HMP), was specifically aimed at a large-scale survey of microbial communities on and in

the human host [6].

The HMP addressed an additional layer of complexity on an unprecedented scale by considering

the  interaction  of  the  host  with  its  associated  microbiota.  All  multicellular  life  on  earth  has

developed from and in close contact with microorganisms, and thus the investigation of a system,

for example a human, warrants the consideration of its  associated microbial communities. The

concept of interdependence between different species is a relatively old theory – it was introduced

in 1877 by Karl Möbius with the term ‘biocenosis’[7]. Yet, it took more than one hundred years

until the term ‘metaorganism’ was coined by Graham Bell and subsequently established as a key

concept describing the close relationship and interdependence of a host with its microbiota  [8],

[9].  This  idea  is  also  closely  connected  to  the  hologenome  theory  of  evolution  [10],  which

explicitly considers the host  together with its symbiotic relationships and their influence on the

host’s fitness and vice versa as unit of selection. 

Moreover, the development of the host together with its microbes over evolutionary timescales, a

process called ‘codiversification’,  can be investigated by comparing the phylogenies of hosts and

their  associated  microbes,  reflecting  parallel  trajectories.  Codiversification  can  be  driven  by

reciprocal adaptation of the two interacting partners to one another, this special case is termed

‘coevolution’  [11].  A  well  characterized  example  of  symbiotic  coevolution  is  the  relationship

between the pea aphid  Acyrthosiphon pisum and the bacterial species  Buchnera aphidicola.  Over

time, the aphid has evolved specialized organs for housing and vertical transfer of the bacteria to its
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1 Introduction

offspring,  while  the  bacterium  has  evolved  to  have  a  reduced  genome,  specialized  to  provide

essential amino acids to its host [12], indicating a deeply intertwined metabolic relationship. 

Parallels in phylogenies can not only be reflected on the level of single microbial partners, but also

on the level of the whole microbial community. This relationship is called ‘phylosymbiosis’ and

was demonstrated to be a widespread phenomenon across the host evolutionary histories of corals

[13], insects (Nasonia [14], Drosophila [15]), and primates [15], [16]. 

These interactions suggest a deep, functional relationship between microbes and their host and

emphasize the need for a metaorganism-focused view in the analysis of microbial communities and

host-health.

1.2.2 Human-associated microbial communities

The average male human body consists of an estimated 3×1013 human and 3.8×1013  bacterial cells,

with  bacteria  outnumbering  the  host’s  own  cells  by  about  1:1.3  (for  females:  1:2.2)[17].  As

mentioned  earlier,  large  efforts  were  put  into  the  survey  of  these  human-associated  microbial

communities  by the Human Microbiome Project  [6].  A first  landmark paper from the HMP

reported the results gained from 4,788 specimens acquired from 242 adult individuals from the

US,  sampling  up  to  18  body  habitats  from  five  major  body  areas  (urogenital,  skin,  nasal,

gastrointestinal  and  oral)[18].  At  the  time  of  publishing,  this  resource  represented  the  most

comprehensive overview of host-associated microbial communities, highlighting the intra-personal

variability  between  the  sampled  body  sites,  but  also  the  clear  habitat-specific  community

composition  across  individuals,  with  distinct  bacterial  taxa  dominating  any  given  habitat.  A

summary of bacterial abundances across different sampling sites inferred from metagenomic data

of the Human Microbiome Project [19]can be found in Figure 1.1.

The gut is the largest reservoir of microorganisms in and on humans,  with at least 95% of the

total host-associated bacteria residing in the colon [17]. The most abundant phyla in the human

intestinal microbiota are the mostly Gram-negative Bacteroidetes and the mostly Gram-positive

Firmicutes,  together  usually  comprising  between 80-90% of  the  total  relative  abundance  [18].

Genera  in  the  phylum  Bacteroidetes,  frequently  present  in  the  intestinal  community,  include

Bacteroides and Prevotella. Both bacteria have been found to be involved in the degradation of diet-

derived complex carbohydrates and dietary fibers, such as cellulose, pectin and xylans  [20], [21].

These degradation capacities were shown to be species-specific, for example  B. thetaiotaomicron

utilizes  a  vast  range  of  plant  and  animal  glucans  [20],  wheras  B.  ovatus  is  able  to  degrade

hemicellulosic polysaccharides [22] and P. copri can ferment xylans [23]. The differing utilization

of carbon sources has an effect on the output of metabolic compounds, for example the ratios in

which the short-chain fatty acids (SCFAs) acetate,  propionate and butyrate are produced  [24].
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1 Introduction

SCFAs play an important role in host-microbe signaling and host immune-cell regulation [25], and

in addition, are crucial for gut barrier integrity and intestinal homeostasis [26], [27].

Firmicutes in the intestinal lumen and mucosa are more diverse than Bacteroidetes. Important

members include the classes Clostridia (which is a very heterogenous, polyphyletic taxon in itself)

and Lactobacillales (lactic acid bacteria; several of them used as probiotics, such as  Lactobacillus

spp.  and  Enterococcus  faecium).  Among  Firmicutes,  we  also  find  potent  producers  of  SCFAs

(Faecalibacterium, Roseburia)  [27] as well as bacteria converting primary to secondary bile acids

(Clostridium perfringens, Lactobacillus)  [28], an important step in the enterohepatic circulation

[29]. Some members of Firmicutes were found to affect blood cholesterol levels (Lactobacillus)

[30], others are generally regarded as associated with host-intestinal health (Faecalibacterium)[31]. 

Further  prominent  bacterial  genera  not  belonging  to  either  of  the  two  major  phyla  are

Bifidobacterium  (phylum  Actinobacteria),  a  potential  probiotic  promoting  host  health  [32],

5

Figure 1.1: Bacterial microbiome composition across ten different human body sites in the Human Microbiome Project  [19].
Genus-level abundances are shown for taxa present in at least 10% of samples and a surpassing a mean relative abundance of 5% at
one sampling site. Primary colors reflect the phylum of the taxon: red: Actionobacteria; green: Bacteroidetes; blue: Firmicutes;
purple: Proteobacteria. Shapes in the lower panel correspond to shapes in the upper panel of the respective sampling area (Skin,
Oral, Gut, and Vaginal). 
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Akkermansia  (Verrucomicrobia),  a  mucin-degrading bacterium with potential  benefits  for  gut

integrity  [33], and a wide range of others belonging to the  Enterobacteriaceae  (Proteobacteria),

which  is  a  diverse  family  of  commensal  and  transient  gut  bacteria  with  the  ability  for  severe

opportunistic pathogenicity [34]. 

The skin is the largest human organ and its bacteriota is dominated by three distinct genera,

Cutibacterium (formerly Propionibacterium [35]), Corynebacterium, and Staphylococcus [18], [36].

These three bacteria make up 80-100% of the relative abundance in the community, with differing

compositions depending on whether the sampled size is oily (e.g. the forehead), moist (the inside of

the elbow), or dry (the volar forearm); other bacteria are present only in minor proportions [36].

The oral microbiome is very diverse in the relative abundances of the bacteria, depending on the

sampling  site,  however  members  of  the  genera  Haemophilus,  Prevotella,  Veillonella,  and

Streptococcus usually represent large parts of the microbial composition [18]. Corynebacterium and

Cutibacterium,  genera  dominating  the  skin  microbiome,  are  also  found  in  comparably  high

abundances in dental plaque [18]. A healthy vaginal microbiota is characterized by dominance of

usually one of three distinct Lactobacillus species, namely L. crispatus, L. gasseri, or L. iners [37].

While bacteria are the predominant organisms in all human-associated microbial communities,

non-bacterial  microorganisms have recently shifted into the focus of the assessment of human

microbiomes. Targeted approaches surveying archaeal  [38], fungal  [39], and viral diversity  [40],

[41] suggest distinct and stable compositions across body sites.

1.2.3 Genetics, environment, evolution – forces shaping the human gut microbiome

The  forces  shaping  the  habitat  specificity  of  host-associated  microbiomes  and  especially  the

variability between individuals are still largely unknown and central of current scientific efforts.

Studies investigating the fecal microbiome of monozygotic (MZ) and dizygotic (DZ) twins have

shown that twins have a more similar microbiota compared to unrelated individuals  [42]. These

results were later confirmed in the TwinsUK cohort, which consisted of almost 1,000 twins [43].

Further, Goodrich et al. [43] demonstrated that MZ twins share even larger proportions of their

microbiota  than  DZ  twins,  strongly  suggesting  an  influence  of  the  host’s  genetics  on  the

microbiome.  Additionally,  a  list  of  highly  heritable  taxa  was  compiled,  identifying  the  genus

Christensenella as the most heritable taxon within this sample collective [43]. These results sparked

multiple independent, large-scale, and regional efforts to identify the genetic loci influencing the

configuration of the human intestinal microbiota  [1], [44]–[46]. Each of them found multiple

associations of genomic loci and univariate microbial traits (see Table 1 for summary), however the

overlap between the results was small, with only SLIT3 replicating as influencing factor in two of

the studies on a genome-wide significant level (p<5×10-8)  [44], [46]. The little overlap between

studies  could possibly be explained by technical  and methodological  differences in the analysis
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(Table  1).  An  additional  study  of  814 Israeli  individuals  did  not  yield  any  statistically  robust

genome-wide significant associations  [47]. The participants in this study were genetically highly

heterogeneous, belonging to five major and additional minor and admixed ethnic groups  [47].

This genetic heterogeneity in combination with the (for a genome-wide association analysis) small

sample size might explain the lacking results [47]. Nevertheless, the study by Rothschild et al. [47]

emphasizes that additional factors, for example environmental or lifestyle elements, significantly

contribute to host-associated community assembly. 

A survey of 531 children and adults, including relatives and twins, from the US, rural Malawi and

the Amazonas of Venezuela (Amerindians) revealed that a westernized lifestyle,  i.e. consumption

of processed food, high fat and sugar intake, and industrialized or office jobs, largely impacted the

composition  of  the  intestinal  microbiome  [49].  One  of  the  main  compositional  differences

accompanying  westernization  was  demonstrated  on  one  hand  in  the  reduced  diversity  in  the

microbial composition of the US individuals, and on the other hand in the relative abundances of

the  genera  Bacteroides and  Prevotella.  The  genus  Prevotella  were  found  at  mean  relative

abundances  of  >  20%  in  the  non-westernized  Malawians  and  Amerindians,  while  they  were

virtually  absent  in  the  individuals  from  the  US  surveyed  in  this  study.  Conversely the  genus

Bacteroides revealed a pattern with a mean of >10% relative abundance in the US study population

and <1% mean in the Malawians and Amerindians [49]. This pattern was also found to be true in a

study comparing the gut microbiome of the Hadza,  an extant community of hunter-gatherers

from Tanzania, and a study cohort from Italy as urban controls [50]. The shift from Prevotella- to

Bacteroides-dominated intestinal communities in westernized populations is summarized in Figure

1.2.
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Study Population Data Model Trait Main findings

Blekhman et al. 
(2014) [51]

US Americans 
(N = 93)

16S Linear regression Beta diversity principal 
coordinates (PCos) as 
quantitative traits

No reporting of SNP 
vs. PCo results; No 
enriched pathways 

Taxon abundances as 
quantitative traits 

8 coding variants 
associated with 4 taxa 
(Q<0.1)

Davenport et al. 
(2015) [52]

Hutterites 
(USA; Nsummer = 91, 
Nwinter = 93)

16S Linear mixed 
model

Alpha diversity No associations 
reported

Taxon abundances as 
quantitative traits

95 independent 
associations with 32 
taxa (Q<0.2)

Goodrich et al. (2016)
[43]

United Kingdom
(NTwin pairs = 1,126)

16S Microbiome
GWAS [53]

Beta diversity Two independent 
associations 
(P < 5 × 10-8)

Linear mixed 
model

Taxon abundances as 
quantitative traits

307 associations 
(Q<0.2)
28 associations 
(P < 5 × 10-8)

Bonder et al. (2016) 
[46]

The Netherlands
(N = 1,514)

MGX Rank-based 
Spearman 
correlation (zero 
truncated)

Taxon abundances as 
quantitative traits

9 associations 
(P < 5 × 10-8)

Gene ontology (GO2000) 
annotation abundances as 
quantitative traits

12 associations 
(P < 5 × 10-8)

MetaCyc pathways 
abundances as quantitative 
traits

21 associations 
(P < 5 × 10-8)

Turpin et al. (2016) 
[45]

Canada 
(Ndiscovery = 1,098, 
Nreplication = 463)

16S Generalized 
estimating 
equations 
(GEE) 

Alpha diversity (log-normal) 
as quantitative trait

No associations 
(P < 5 × 10-8)

Microbial dysbiosis index 
(log-normal) as quantitative 
trait

No associations 
(P < 5 × 10-8)

Taxon abundances as 
quantitative traits (log-
normal; two-part log normal)

58 associations with 
33 taxa (P < 5 × 10-8); 
Of these, 4 replicating
(P < 0.05)

Wang et al. (2016) [1] Germany 
(N = 1,812)

16S Non-parametric 
test of ordination 
fitting (‘envfit’)

Beta diversity 42 associations 
(P < 5 × 10-8)

Generalized linear 
(hurdle) model 
(Negative 
binomial)

Taxon abundance as 
quantitative traits

40 associations with 
24 taxa 
(P < 5 × 10-8)

Rothschild et al. 
(2018) [47]

Israel 
(N = 814)

MGX Linear Mixed 
Model

Taxon abundance as 
quantitative (< 5% zeros) and
qualitative traits (≥ 5% zeros)

43 associations with 
35 taxa (P < 5 × 10-8); 
None significant after
FDR correction.
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Bacteroides and  Prevotella are also central to the concept of the existence of ‘enterotypes’ .  The

enterotypes  were  first  introduced  as  three  distinct  and  stable  clusters  in  the  human intestinal

microbiome, with each of them linked to high abundances of one respective bacterium, either the

aforementioned  Bacteroides  or  Prevotella,  or  the  genus  Ruminococcus [54].  Wu  et  al.  [55]

demonstrated  the  presence  of  the  Bacteroides- and  Prevotella-enterotypes  in  an  independent

cohort, linking the configuration to long-term dietary patterns either dominated by protein and

animal  fat  intake or by carbohydrates,  respectively.  The  Ruminococcus-enterotype could not be

recovered in this study, likely due to a larger sample size, leading it to fuse with the  Bacteroides-

enterotype,  no  longer  representing  a  separate  cluster  [55].  With  the  introduction of  Dirichlet

multinomial mixtures (DMM) for microbial community modeling, Holmes et al. [56] argue the

existence of four enterotypes, with two of them being rather homogeneous and dominated by

Bacteroides,  and with the other two being more variable in their composition. Additionally, the

results  of  the  study  of  Holmes  et  al. suggested  that  ileal  Crohn’s  disease,  a  subform  of

inflammatory bowel  disease (IBD; details  in chapter 1.3.1),  is  associated with the more variable

community types and obesity is not showing strong connection to any of the enterotypes, but

rather with the deviation therefrom [56]. The discussion about enterotypes remains controversial.

Again  others  argue  against  any  existence  of  enterotypes  at  all  [57] or  as  them  being  analysis

artifacts, introduced due to the compositional nature of microbiome sequencing data, which does

not take quantitative assessments of abundance into account  [58]. However, intriguingly similar

patterns of enterotype clusters could also be demonstrated to be present in the gut microbiota of

chimpanzees, suggesting an evolutionary conservation of stable community structures in primates

9

Figure 1.2: Relative abundance distribution and log-ratios of Bacteroides and Prevotella in five sample sets from three publications,
covering non-westernized (Rural Malawians [49], Amerindians [49], Hadza [50]) and westernized (US Americans [49], Germans
[1]) populations. The center panel shows the individual samples (small symbols) and group centroids (large symbols); ellipses show
the 80% confidence intervals of the groups’ multivariate t-distribution around the group centroids. The left and right panel display
the individuals’ relative abundances of Bacteroides and Prevotella, respectively. Group-wise distributions of the values are shown as
box-and-whisker plots. Boxes display the range from the first to the third quartile, with group medians being marked by a black line
within the respective boxes. Whiskers expand to the last individual datapoint within a range of 1.5 interquartile ranges above and
below the groups’ third and first quartiles, respectively.
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and possibly beyond  [59].  Also,  quantitative assessment in a  cohort  of infants  from Denmark

indicate an establishment of enterotypes as stable community states already very early in life [60].

Supporters are found for each of the presented models (see Costea  et al. [61] for a summary),

highlighting again how little is known about the processes shaping the intestinal microbiota. 

Two  large  cohorts  from  Belgium  (Flemish  Gut  Flora  Project,  FGFP;  n  =  1,106)  and  the

Netherlands (LifeLines-DEEP, n = 1,135) were extensively phenotyped and surveyed about dietary

habits and additional potentially influencing factors in an effort to clarify the extent to which diet

and nutrition might affect the composition of the gut microbiome [62]. These analyses revealed

effects  associated  with  anthropometrics  (age,  gender,  height,  body-mass  index;  total  combined

effect size < 5%), diet (fruit intake, bread type preference, coffee, magnesium supplementation;

total  ~  6%)  and  blood  parameters  (red  blood  cell  count,  hemoglobin,  triglycerides;  ~  8%).

However, the largest effects were found to be connected to medication intake, with the use of the

antibiotic  amoxicillin  (~2%),  osmotic  laxatives,  anti-allergic  medication  and  steroidal

contraceptives (all ~ 1%) having the strongest individual contributions. Faloney et al. [62] estimate

the total combined effect sizes of all assessed factors to 16.4% of the total variation in the intestinal

community. The effects  of antibiotics use on the microbiome composition in the intestine are

striking and long-lasting, with marked changes in some individuals still evident after six months

compared to before the treatment [63]. Further systematic in vitro assessment of more than 1,000

marketed  drugs  on  40  representative  bacterial  strains  commonly  present  in  the  intestinal

microbiota  found  roughly  one  quarter  of  drugs  targeting  human metabolic  pathways  showed

negative effects on the growth of the tested commensal bacteria [64]. These drugs did not include

known ‘antibacterials’,  such as  antibiotics  and antiseptics,  for  which 78% were  shown to have

anticommensal effects [64]. 

In  addition  to  the  presented  more  proximal  or  direct  effects  of  genetics,  nutrition  and

medication, the evolutionary history of humans and non-human primates has also raised interest

in connection to the microbiome. Groussin and colleagues [65] could demonstrate that for a wide

range  of  mammals  changes  in  the  host’s  genetics  are  paralleled  by  shifts  in  the  microbiome.

Looking  at  the  fecal  microbiota  of  humans  and  comparing  it  to  our  closest  living  relatives

chimpanzees (Pan troglodytes) and bonobos (P. paniscus), as well as eastern and western gorillas

(Gorilla beringei and G. gorilla, respectively), it was shown that the relation between the microbial

communities follows that of the host’s phylogeny, thus exhibiting a ‘phylosymbiotic’ pattern [66].

However, in contrast to diversification in African apes, in which the changes in the microbiota

were following a steady trajectory, the evolutionary changes towards the human microbiota since

the  split  from  the  Pan lineage  at  least  7-8  million  years  ago  [67] exhibit  signs  of  a  strong

acceleration accompanied by a loss of microbial diversity, possibly connected to changes in the diet

[68]. Regardless, key bacteria of the human microbiota are shared with the microbiota of other
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primates  [59],  and  comparing  extant  species  of  the  bacterial  families  Bifidobacteriaceae and

Bacteroidaceae across  hominids  revealed  patterns  of  inter-species  transmission  events  and

cospeciation  of  close  relatives  of  Bifidobacterium adolescentis along  the  human-chimpanzee

phylogeny [69]. However, adaptive evolution of host-associated bacteria does not only happen on

timescales of millions of years, but also during the lifetime of healthy humans, as it could be shown

for  Bacteroides fragilis  by Zhao  et al. [70], indicating a fast adaptation of commensal intestinal

bacteria to changes in the environment and promotion of long-term colonization abilities.

The rapid changes in the microbiota along the human lineage since the divergence from the

common  ancestor  with  the  Pan genus  is  thought  to  impact  population  health  today.  The

decreased  diversity  in  comparison  to  other  primates  potentially  leads  to  a  community  more

sensitive and/or less resilient to external perturbations, as shown for other environments  [71]. A

low diversity  of  the intestinal  microbiome has  been associated with severity  of  irritable  bowel

syndrome [72] inflammatory bowel disease [73], and primary sclerosing cholangitis [74], and low

diversities in other organs also showed connections to disease, for example of the lung microbiota

in  association with  asthma  [75].  Deviations  in  the  intestinal  microbiota  from  that  of  healthy

individuals,  often  termed  “dysbiosis”,  have  been  connected  to  a  wide  range  of  diseases  with

autoimmune/inflammatory  components  [76],  [77] and cancer  [78],  as  well  as  neurologic  and

psychiatric disorders  [79]. These connections carry the opportunity and potential to target the

microbiota as a whole or its individual members in the treatment of disease in a framework of

personalized health and disease management. However,  for this  a deeper understanding of the

interaction  between host  and  microbiome  and  the  assembly  of  the  microbial  communities  is

necessary. 

1.2.4 The role of the gut microbiome in the human metaorganism

The  role  of  the  human  gut  microbiome  is  thought  to  be  manifold.  Members  of  the  gut

microbiota  are  involved  in  the  breakdown  of  complex  carbohydrates,  releasing  SCFAs,  thus

actively supporting and promoting intestinal health and also providing simpler carbohydrates as

energy source available for enteric uptake by the host. By the conversion of primary to secondary

bile acids, members of the microbiome play an essential role in the enterohepatic circulation, and

thus in the hosts lipid metabolism. In addition, vitamins, vitamin precursors, and essential amino

acids can be synthesized and provided by the microbiota [80], highlighting the mutualism between

host and microbes and their metabolic interconnection, with the microbiota expanding the human

host’s genetic capacity by an estimated more than 100-fold [81].

Next  to  the  metabolic  interactions,  the  commensal  microbiota  actively  contributes  to  host

immunity. The integrity of a healthy microbiota and its metabolic processes, by secreting SCFAs,

bacteriocins and bile acids, hinder pathogens from colonizing niches in the gastrointestinal tract
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(GIT),  a  process  called colonization resistance  [82].  Work on germ-free and antibiotics-treated

mice, i.e. laboratory mice depleted of microorganisms, showed the effects of the missing symbiotic

interactions on the mammalian host and the maturation of its immune system. Kennedy et al. [83]

reviewed and summarized effects  on mouse physiology, encompassing widespread changes in a

variety of  immune cell  populations including decreased migratory capacity of  myeloid  cells  to

peripheral tissues, general reduction of lymphoid cells and changes in cytokine levels. The effects

on individual organs include a dramatically increased cecum size, a reduced spleen size, an increase

in villus  length, reduction in the production of antimicrobial  peptides,  diminished granules in

Paneth cells and changed expression of Toll-like receptors, together with and likely connected to an

impaired tolerance of commensal bacteria. These changes in physiology highlight the importance

of host-microbe interaction for the maturation and homeostasis of the immune system and an

adequate response to microbial encounters [84]. 

In humans, a disturbance in the microbiota has been associated to a ‘leaky’ gut barrier, leading to

the uncontrolled influx of metabolites, toxic molecules and antigens into the bloodstream  [85].

These  compounds  are  hypothesized  to  trigger  inflammation  and  autoimmunity  in  genetically

susceptible individuals, paving the path to chronic inflammatory disorders [86].

1.2.5 The microbiome in personalized medicine

The term ‘personalized’ or ‘precision medicine’ describes a concept of individualized therapeutic

approaches, tailored to the needs and symptoms of the patient to increase treatment effects and

safety and decrease potential side-effects  [87]. Especially for different types of cancer, the use of

genotyping and sequencing technologies has opened individualized treatment options for cancers

with  specific  frequent  mutations  [88],  [89].  For  complex  inflammatory  disorders,  a  targeted

treatment and combination therapy with antibodies has shown to be effective, however positive

treatment response remains in parts unpredictable [90]. Here, the microbiome has the potential as

a potent modulator of pharmacological intervention and pharmacokinetics [91], [92]. 

As mentioned earlier, inflammatory and metabolic conditions are accompanied by a dysbiotic

intestinal  microbiota.  Harnessing  this  dysbiosis  and  shifting  the  microbiota  towards  that

characterized  in  non-diseased  individuals,  for  example  by  supporting  the  expansion  of  SCFA-

producing  bacteria,  could  help  in  disease  management  and  induction of  remission  [27],  [93].

Recent advances also emphasize the importance of strain-level/genome-level characterization of

bacteria,  as  the  presence  of  specific  genes  can  lead  to  changed  pathogenicity,  independent  of

phylogenetic  relationship  to  non-pathogenic  strains  [94],  thus,  an  in-depth  and  personalized

characterization of the microbiota can open new strategies for disease diagnosis and treatment.

Additionally, the non-invasive sampling of fecal material for microbiome analysis can be used for
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disease  diagnosis  [95],  stratification  into  sub-entities  of  disease  [93] and  prognostic  disease

monitoring [96].

Ultimately, the transfer of a microbiome itself from one person to another, i.e. in fecal microbiota

transplantation (FMT), has been shown to be an effective treatment of recurrent  Clostridioides

diffcile infection (rCDI) [97], although the exact molecular mechanisms of the treatment are still

unknown [98]. The efficacy of FMT for other diseases is currently being evaluated. Pilot studies

suggest therapeutic potential for ulcerative colitis  [99], however flares of intestinal inflammation

have also been reported as side-effect of FMT for rCDI [100].

A  detailed  review  of  the  microbiome  as  target  and  source  for  personalized  health  and

intervention can be found in Kashyap et al. [101].

1.3 Selected chronic inflammatory disorders discussed in this thesis

This thesis investigates connections between the microbiome and human chronic inflammatory

disorders. For a better understanding, this chapter summarizes key aspects of the diseases discussed

in  the  following  chapters  and  how  they  differ  from  each  other:  inflammatory  bowel  disease

(Crohn’s disease, ulcerative colitis), autoimmune and cholestatic liver disease (primary sclerosing

cholangitis,  primary  biliary  cirrhosis,  autoimmune  hepatitis)  and  chronic  inflammatory  skin

disease (atopic dermatitis, psoriasis).

1.3.1 Inflammatory bowel disease

Several  complex,  immune-mediated  inflammatory  disorders  of  the  gastrointestinal  tract  are

summarized under  the  umbrella  of  ‘inflammatory  bowel  disease’ (IBD),  the  main sub-entities

being Crohn’s disease (CD) and ulcerative colitis (UC), as well as indeterminate colitis (IC). A total

of  6.8  million  individuals  world-wide  are  affected  by  IBD  and  the  global  age-standardized

prevalence rate of IBD was 84.3 per 100,000 individuals in 2017 (increased from 79.5 per 100,000 in

1990)[102].  A  clear  connection  can  be  drawn  between  disease  prevalence  and  a  high

Sociodemographic Index (SDI), as age-standardized prevalence rate in 2017 was highest in the USA

(464.5 per 100,000) and UK (449.6 per 100,000) and lowest in the Carribean (6.7 per 100,000)

[102]. As for many complex diseases, the disease etiology for IBD is not fully understood. Multiple

large genome-wide association studies (GWAS; see section 1.4.4 for details) in up to almost 68,000

individuals  have  been  conducted  to  elucidate  the  genetic  basis  of  IBD  and  its  sub-entities,

identifying  more  than 240 genetic  susceptibility  variants  associated with  IBD,  which however

collectively are estimated to only explain less than 30% of the disease risk [103]. Altogether, these

findings strongly suggest an uncontrolled immune reaction to an environmental (or microbial)

trigger in genetically susceptible individuals to be responsible for disease onset [104].
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Phenotypically, the main difference between CD and UC is the location of the inflammation in

the gastrointestinal tract (GIT). Individuals with UC are affected by inflammation restricted to

different parts (proctitis,  left-sided colitis) or the entire colon (pancolitis)  [105],  whereas CD is

characterized by inflamed patches possible along the entire GIT, from mouth to the perianal area

[106].  Both  diseases  are  presented  with  multiple  possible  extra-intestinal  comorbidities  with

inflammatory components, for example of the skin (psoriasis),  the joints (rheumatoid arthritis)

and the cardiovascular system, as well as psychological and psychiatric disorders [107].

As of today, IBD is not curable, can lead to development of gastrointestinal cancers and requires

extensive disease management up to surgical removal of the affected parts of GIT [105], [106]. 

1.3.2 Autoimmune and cholestatic liver disease

Like  IBD,  autoimmune  and  cholestatic  liver  diseases  are  complex  and  their  etiologies  are

unknown, likely connected to an environmental trigger for autoimmunity [108]. All autoimmune

liver diseases share the presence of chronic inflammation in the liver, displayed by injury of plasma

cells in autoimmune hepatitis (AIH), the involvement of small intrahepatic bile ducts in primary

biliary cirrhosis (PBC) and inflammation and fibrosis of predominantly larger bile ducts in primary

sclerosing cholangitis (PSC). Disease progression in all three ultimately leading to liver failure and

the  need  for  liver-transplantation  [108].  Estimates  of  prevalence  vary,  ranging  between  40-80

affected individuals in 100,000, with equal parts affected by PBC and AIH, and PSC being the

rarest, taking 5-10% of the patients [109]. In line with other autoimmune disease, women are more

frequently affected by AIH and PBC, however PSC is diagnosed in men twice as often as in women

[110].  AIH was found to be  present in 6-9% of  PSC and PBC cases,  a  status  termed ‘overlap

syndrome’  [110]. Standard treatment for AIH includes the administration of corticosteroids and

azathioprine to slow down disease progression. For PBC, treatment with the naturally occurring

bile acid ursodeoxycholic acid (UDCA) has proven to prolong liver-transplant-free survival  [111].

In PSC patients, UDCA is tested for standard treatment, however studies about the efficacy are still

lacking and TNF-targeting antibodies also proved ineffective [112]. Among PSC patients, 70-80%

are also diagnosed with pancolitis similar to ulcerative colitis, however classified as an additional

sub-entity of IBD [113]. In addition, 7-13% of PSC patients develop cholangiocarcinoma (CCA), a

diagnosis which is often delayed, as no sensitive diagnostic tests for screening are available  [114].

The 5-year survival rate after CCA diagnosis ranges between 5-15% [114].

All  three presented inflammatory liver diseases share disease associations with the presence of

specific autoantibodies and human leukocyte antigen (HLA) alleles as risk factors [110].
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1.3.3 Chronic inflammatory skin diseases

Two  of  the  most  prevalent  inflammatory  skin  diseases  in  industrialized  countries  are  atopic

dermatitis (AD) and psoriasis. AD is a common disorder, affecting up to 20% of children before

they enter school [115], but also later onset and persistence in adults is frequent, with prevalence up

to 10% [116]. Clinical features of AD include a general dryness of the skin with redness and lesions

[115].  In  infants,  lesions  can be  found on large  parts  of  the  body,  including  the  face,  shifting

towards the flexural folds in children, and in adults, the shoulders and neck area, as well as the

hands, wrists and ankles can be affected [115]. In twin studies, AD was found to be highly heritable

[117], and although mutations in filaggrin (FLG) were identified as strong genetic risk factor [118],

the etiology remains complex with contributions from genetics and environmental factors  [115].

AD often occurs  in flares  and disease  management  is  usually  guided by supporting epidermal

barrier  repair  with  emollients  and  anti-inflammatory  corticosteroid  therapy  [115],  however

complication can arise from infections by bacteria  (Staphylococcus aureus)  or fungi (Malassezia

sympodialis) due to the disrupted barrier [119].

Psoriasis  is  less  prevalent  than  AD,  however  with  a  global  prevalence  of  2-3%  can  still  be

considered common  [120]. AD and psoriasis  share the display of dry skin patches,  however in

psoriasis these are accompanied by scaling plaques [121]. Psoriasis can also involve inflammation of

the joints (psoriatric arthritis)  [122] and individuals with Psoriasis  have a 4-fold relative risk of

Crohn’s disease, but not ulcerative colits  [123]. Large-scale analysis of CD and psoriasis showed

overlapping  genetic  risk  loci,  highlighting  the  shared  (auto-)immunity  mediated  genetic

susceptibility to both diseases [124].

1.4 Key methods and concepts

Current  analysis  of  microbial  communities  heavily  relies  on  high-throughput  nucleotide

sequencing, thus it is important to understand the technologies used for nucleotide sequencing

data generation and processing. This chapter gives an overview of the developments in sequencing

approaches  and  survey  strategies  for  data  generation  as  foundation  for  microbiome  analysis,

followed by an introduction of general approaches in (sequencing-)data processing and statistical

methods  for  the  bioinformatic  analysis  of  microbiome  data.  The  chapter  concludes  with  an

introduction to the concepts of genome-wide association analysis.

1.4.1 Nucleotide sequencing technologies

In 1953,  Rosalind Franklin and Maurice Wilkins produced the crystallographic data of DNA

from which James Watson and Francis Crick were able to derive its three-dimensional structure.

After this, it took another 12 years until a first full nucleotide sequence, that of the alanine tRNA
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from  Saccharomyces  cerevisiae,  could  be  produced,  using  an  approach  relying  on  enzymatic

degradation of RNA fragments [125]. A similar approach additionally using 2-D fractionation and

radioactive  labeling  was  developed by  Fred Sanger,  which  in  1972  was  used to  derive  the  first

complete protein-coding gene sequence [126]. The first success of a sequencing-by-synthesis (SBS)

based nucleotide sequencing method using DNA polymerase to add sequentially administered

radiolabeled  nucleotides  and  measuring  incorporation  was  achieved  in  1974  [127].  The  two-

dimensional  separation  of  DNA  molecules  was  soon  after  replaced  by  polyacrylamide  gel

electrophoresis,  separating  DNA  fragments  by  their  length,  providing  higher  resolution  than

previous  fractionation.  In  1975,  Allan  Maxam  and  Walter  Gilbert  developed  a  method  to

chemically cleave DNA fragments at specific nucleotides  [128]. By using different chemicals on

radiolabeled DNA, gel electrophoresis could be used to determine fragment lengths and thus infer

the nucleotide sequence [128]. However, it was again Sanger, whom with first the ‘plus and minus’

system (together with Alan Coulson) and in 1977 with the dideoxy ‘chain-termination’ technique

again  revolutionized  nucleotide  sequencing  and  established  the  base  to  currently  still  in  use

sequencing technologies [129]. Sanger’s approach relied on four parallel DNA polymerase reaction,

each  mixing  the  four  deoxynucleotides  (dNTPs)  with  one  species  of  radiolabeled

dideoxynucleotide (ddNTPs) in low concentration. ddNTPs are incorporated into the synthesized

DNA molecule, however they lack the 3’  hydroxyl group to which the next dNTP is normally

attached,  resulting  in  an  incomplete  DNA  sequence.  Through  the  low  concentration  of  the

respective ddNTP, each reaction produces all possible incomplete DNA sequences, all ending with

the respective nucleotide. By using gel electrophoresis and readout of the radioactive labeling, the

positions of each nucleotide in the DNA sequence can be determined. By replacing radioactive

labels with ddNTP-specific fluorophores, the synthesis-reaction could be performed in a single

vessel,  paving the way for using single a capillary for the electrophoresis,  and subsequently for

automation of this now called “Sanger sequencing” for DNA fragments of up to 1kb on the first

commercially  available  DNA  sequencing  machines.  The  Sanger  sequencing  remains  the  gold-

standard for diagnostic applications up until today. 

The second generation of DNA sequencing, also widely termed ‘next-generation sequencing’

(NGS),  mostly  stuck  to  the  concept  of  sequencing-by-synthesis,  however  the  major  change

compared  to  the  Sanger  sequencing  and  Maxam-Gilbert  approach  was  that  instead  of

electrophoresis, now sequencing was performed attached to a solid phase, either on paramagnetic

beads or on the surface of solid-phase flow cells. Two major technologies became widely used, one

was the pyrosequencing technology by 454 (later bought by Roche), the other the Solexa method

(later bought by Illumina). 

The  Solexa/Illumina  approach  uses  adapter  oligonucleotides  fused  to  the  targeted  DNA

sequences with complementing oligos bound to a flow cell to capture and amplify DNA fragments
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in a process called ‘bridge amplification’. Bridge amplification is followed by the actual sequencing

process,  which  utilizes  fluorophore-labeled  modified  terminator  nucleotides  (similar  to  the

ddNTPs used in Sanger sequencing) of which in each cycle, one is incorporated and by using a

laser the fluorophores are excited and can be read. Using bridge amplification, clonal clusters of

DNA sequences are created on the flowcell,  amplifying the optical  signal  for readout and also

enabling  paired-end  sequencing  of  DNA  fragments  starting  from  both  sides  of  the  clonal

sequence. Millions of these clonal clusters can be bound to a single flowcell, enabling massively

parallel sequencing of DNA. After reading the incorporated nucleotide, the label is cleaved off,

reverting the terminator nucleotide back to normal, ready for the incorporation of the next labeled

nucleotide in the cycle. This technology is the basis of all current Illumina sequencing machines.

The Roche/454 pyrosequencing used an entirely new approach for sequence readout. Similar to

the Illumina technology, DNA fragments were captured by complementing oligos and clonally

amplified, however not on flowcells, but on beads. These beads were washed over a reaction plate

with  wells,  each  well  large  enough  for  a  single  bead,  thus  for  the  readout  of  a  single  DNA

fragment. The sequencing itself was performed by sequentially washing the four dNTPs over the

reaction  plate.  If  the  “correct“  nucleotide  was  available  for  the  DNA  polymerase,  it  was

incorporated into the molecule,  releasing pyrophosphate (PPi).  The amount of  PPi  released is

correlated  to  the  number  of  successive  occurrences  of  the  nucleotide,  i.e. a  single  “A” would

produce  less  PPi  than  a  sequence  of  “AA”  or  “AAA”.  The  PPi  is  in  a  two-step  process  first

converted to adenosine triphosphate (ATP), which is then by the enzyme luciferin translated to a

light signal, which can be read for all wells in the reaction plate in parallel, resulting in the DNA

sequence readout. While homooligomeric stretches correlated well with the emitted light signal,

this can turn into a problem with longer stretches of homopolymers, which has become one of the

major concerns with pyrosequencing through multiple applications [130], [131].

Both  technologies  advanced  with  improvements  of  high-resolution  imaging  devices  and

microfabrication, increasing the number of parallel reactions possible in a single sequencing run.

Additional  sequencing  technologies  were  developed  alongside  454  pyrosequencing  and  Solexa

sequencing in the second generation of DNA sequencing, however none could establish itself in

the  competition,  and  since  the  discontinuation  of  pyrosequencing  in  2016,  the  Illumina

technology established a de-facto monopoly for DNA sequencing.

The third generation of DNA sequencing is  widely defined as technologies capable of single

molecule  sequencing,  without  the  need  of  prior  amplification.  The  first  device  with  wide

acceptance was developed by Pacific Biosciences, introducing the single molecule real time (SMRT)

technology [132]. Briefly, this technology relies on tiny holes in a metallic film, these nanostructures

are called zero-mode waveguides (ZMWs), each of them having a single DNA polymerase enzyme

attached  to  the  bottom  of  it.  Through  the  physical  properties  of  the  ZMWs  and  the  use  of
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fluorescence  labeled  dNTPs,  only  the  single  dNTP  that  is  incorporated  by  the  polymerase  is

detected by a sensor for each ZMW, enabling signal detection in the moment of attachment to the

produced  DNA  molecule  and  in  addition,  through  the  kinetics  of  this  process,  DNA

modifications,  i.e. methylation,  on  the  template  molecule  can  be  assessed  in  addition  to  the

nucleotide sequence [133].

The  second  technology  of  the  third  generation  with  widespread  application  is  based  on

nanopores  and  was  introduced  by  Oxford  Nanopore  Technologies  (ONT).  Nanopore  DNA

sequencing  is  not  sequencing-by-synthesis  based,  but  measures  the  nucleotide-species  specific

changes in currents when a DNA molecule is passing through a pore [134]. Both technologies are

capable to sequence large DNA fragments up to hundreds of kilobases, giving the possibility of

sequencing long stretches of  DNA, for  example for  genome assembly,  however,  sequence data

quality does not reach that of Illumina’s short reads, giving both generations of DNA sequencing

its niche in biological and biomedical research with complementary applications.

For a more detailed discourse on the development of DNA sequencing technologies through

time, see Heather and Chain [135].

1.4.2 Molecular methods in surveying microbial communities

Early analyses of microbial communities were entirely dependent on microscopy and culturing of

bacterial  isolates,  followed  by  extensive  metabolic  profiling  on  selective  media  and  phenotype

description,  e.g. by Gram staining. However especially for complex communities from anaerobic

environments, such as the intestinal microbiota, culturing is laborious and favors easily growing

organism to be over-represented, rendering this approach biased [136]. Other members might not

be culturable at all using standard media, resulting in vast differences in counts of total cells and

the number of colonies from culturing, a phenomenon termed the ‘great plate count anomaly’

[137].

The possibilities of analyzing the composition and members of microbial and especially bacterial

communities have since changed tremendously. Before DNA sequencing became widely available

and,  most  importantly,  affordable,  different  methods  were  used  to  determine  community

composition, two of which were ‘terminal restriction fragment length polymorphism’ (T-RFLP)

[138] analysis and ‘denaturing gradient gel electrophoresis’ (DGGE) [139]. In T-RFLP, a selected

marker gene, for example the 16S ribosomal RNA (rRNA) gene,  was amplified by polymerase

chain  reaction (PCR) from the  extracted DNA of  a  microbial  community  of  interest  using a

primer pair in which one of the primers was labeled with a fluorescent dye. The amplified DNA

was subsequently treated with one or multiple restriction enzymes, cutting the DNA at sites with a

specific  sequence,  with the assumption that  each bacterium in the community will  result  in a
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Figure  1.2:  Overview  of  possible  workflows  for  metagenome  sequencing  data.  DNA  extraction  is  followed  by  Illumina
sequencing, resulting in short paired-end reads. After quality control of the data, these can be used for different processing branches.
Left: The MetaPhlan2 pipeline [172] can used for relative abundance estimation of taxonomic groups in the community. Right:
The HUMAnN pipeline [174] uses the UniProt database for read annotation and downstream mapping to the MetaCyc database
for metabolic pathway abundance inference. Center: Sequencing data can be used for the assembly of larger fragments (contigs) of
micorbiome community members (e.g. with SPAdes [175]). Using different properties of the contigs, bins can be created for the
reconstruction of microbial genomes. These bins can be annotated for taxonomy (e.g. GTDBtk [167]) and functional capacity (e.g.
Prokka  [180]).  Downstream  analysis,  depending  on  the  chosen  data  processing  steps,  can  include  the  analysis  of  taxonomic
community composition, analysis of community function and the reconstruction of phylogenetic patterns of individual members
of the community.
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labeled fragment of a specific size. Using electrophoresis, the fragments were separated by size and

fluorescence intensity could be used for quantitative estimations of community composition. 

Just  like  T-RFLP,  DGGE  also  relies  on  the  generation  of  marker-gene  amplicons  from  the

community under investigation, however here, amplicon libraries were directly subjected to gel

electrophoresis. The special properties of the used gel, using gradients of DNA denaturing agents,

for example urea and formamide, resulted in differential properties of DNA migration before its

denaturation,  depending  on  the  taxon-specific  amplicon  sequence.  The  resulting  ‘fingerprint’

could then be used to determine the presence of a  specific  bacterial  group in a community in

comparison to other communities analyzed alongside.  For both methods,  a  comparison of the

resulting fingerprints with known restriction fragments or migration bands from reference bacteria

could be used to infer taxonomic information of the community composition.

Advances  in  the  taxonomic  classification  were  crucial  for  the  success  of  the  use  of  DNA

sequencing for community analysis. Especially the 16S rRNA gene was shown to be of high value.

The 16S rRNA is an RNA molecule of ~1,500 bases and part of the prokaryotic ribosome. The 16S

rRNA consists of conserved regions which assemble to a secondary structure with four domains,

however in between conserved stretches, there are nine hypervariable regions (V1-V9) in which

mutations can occur and can serve as molecular clock  [140]. This mixture of conservation and

variability can be used to infer phylogenetic relationships and taxonomic labels for microorganisms

[141].  The  Sanger  sequencing  technology  soon  led  to  databases  of  taxon-specific  rRNA  gene

sequences, which could be used for an accurate estimation of community structure from DNA

sequencing efforts  of amplicon clone-libraries generated from environmental  [142] and human

associated microbial communities  [143], highlighting the advantage over culture-based methods.

The second generation of DNA sequencing technologies quickly increased the throughput and

analysis  depth  of  the  analyzed  communities  and  revolutionized  the  whole  field  of  molecular

community  ecology,  again,  giving  access  to  a  so  far  underexplored  “rare  biosphere”  [144].

Especially the pyrosequencing method (see previous section for details) quickly gained attention, as

it combined high throughput (hundreds of thousands of sequences) with long reads (up to 1kb in

later instruments, such as he GS FLX+), which made it valuable for also health related analysis of

human associated microbes using 16S rRNA gene amplicons [145]. As interest in sequence-based

analysis  of  communities  increased,  the  technologic  shortcomings  of  pyrosequencing  regarding

homopolymers  became evident.  Especially  the  Illumina technology  proved  to  deliver  the  high

quality data needed for the assessment of microbial communities  [146], ultimately leading to a

transition of the field to this technology, supported by well-established protocols developed for the

earth microbiome project [147] and reduced costs by advanced multiplexing strategies [148]. The

balance between high-quality data and low per-sample costs  renders Illumina-based 16S rRNA

amplicon sequencing the go-to technique for microbial community survey, with efforts aiming at
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further  decrease  of  sequencing  cost  still  ongoing  [149].  While  amplicon  sequencing  is  most

popular for the assessment of bacterial communities using the 16S rRNA gene, complementary

approaches are available targeting also archaea (16S rRNA gene, [38], [150]), fungi (18S rRNA gene

or internally transcribed spacers (ITS), [151]) and other eukaryotes [152].

The generation and sequencing of “shotgun metagenomic libraries”,  meaning the untargeted

sequencing  of  DNA fragments  from a  sample,  has  seen trials  since  almost  two decades  [153].

However,  only  recent  advances  in both sequencing  technology  and the  development  of  novel

algorithms to handle such data, combined with increased computational and storage capacities and

decreasing costs  opened this  field to a  broader  range of  scientist  [76].  Shotgun metagenomics

promise an unbiased representation of all members of microbial communities, not restricted to

prokaryotes alone, but also potentially including eukaryotic microorganisms and viruses/phages,

excluding RNA viruses which need additional enrichment and library preparation steps [154]. In

addition to a taxonomic description of community composition, possible on a finer scale than 16S

rRNA gene amplicon based approaches, shotgun metagenomics can be used for a description of

the  functional  capacity  of  the  community,  capturing  even  strain-level  genetic  diversity  of  the

community members  [155], [156]. Recent studies of communities using shotgun metagenomics

increasingly  incorporate  also  data  from  high-throughput  long-read  technologies  (see  previous

section  for  details)  for  increased  quality  of  metagenome  assembled  genomes  (MAGs)  of  the

community members [157].

While these culture-independent approaches for the assessment of microbial communities were

in the focus of microbial community ecology, also culture-based analyses have recently regained

attention,  as  novel  techniques  for  high-throughput  selective  culturing  in  combination  with

genomic sequencing of isolates  have proven to be applicable and valuable for healthcare-based

applications [158], paving the way for the emerging field of “culturomics” [159]. 

1.4.3 Molecular community ecology: microbiome analysis

Data processing steps before statistical analysis differ between amplicon-based sequencing data

and shotgun metagenomic data. These steps depend on multiple factors, including also personal

preferences of the data analyst. 

For 16S rRNA gene amplicon data,  multiple  software collections have established themselves

among researches, the most widely used are certainly  mothur (current version 1.44;  [160]) and

QIIME (“Quanitative Insights Into Microbial Ecology”; current version QIIME 2 v2019.10; [161],

[162]),  both  aiming  to  provide  out-of-the-box  working  data  processing  frameworks  for  the

processing  of  amplicon  data.  While  these  frameworks  are  highly  accessible  for  beginners  in

sequencing data processing, they might come at the cost of flexibility, a feature that is implemented

in  the  USEARCH software  (current  version  v11;  [163]),  which  is  also  heavily  focused  on  the
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development of new algorithms for different steps in data processing. However, workflows usually

follow the same succession of steps for state-of-the-art Illumina paired-end sequencing data: In a

first step, the raw sequencing data is cleaned by removing low-quality parts of the sequence or

discarding sequencing reads below a defined threshold altogether. Usually, the read length chosen

for sequencing is adapted to the amplicon of choice, so that after initial quality control the read-

pairs are overlapping and can be ‘stitched’ to form a complete amplicon sequence, with the same

starting- end endpoint for all sequenced fragments. Widely used 16S rRNA gene amplicons are V1-

V2 (primer pair: 27F-338R; amplicon size ~312bp; all amplicon sizes vary slightly between bacteria),

V3-V4 (e.g. 341F-806R; ~450bp) and V4 (515-806R; ~292bp) (Johnson 2019). 

Based on an assumption from 1994 [164], the clean amplicon sequences are binned into clusters

of  >97%  sequence  similarity,  representing  operational  taxonomic  units  (OTUs)  with  the

resolution of bacterial species, which could subsequently be subjected for taxonomic annotation.

Several independent 16S rRNA sequence databases for annotation are available, the most widely

used being GreenGenes [165], SILVA [166], the Ribosomal Database Project (RDP) [167] and the

newly established Genome Taxonomy Database (GTDB) [168]. Recent estimates using up-to-date

databases  suggested  the  97%-threshold  is  not  representing  species-level  bins  and  should  be

corrected [169], which sparked the creation of new algorithm that by error correction models try to

infer exact amplicon sequence variants (ASVs), such as DADA2 [170], UNOISE2 [171] and Deblur

[172]. Independent of resolution, the processed sequencing data can be used to construct sample-

by-feature count abundance tables from ASV/OTU-level and for bins of taxonomic groups on

different taxonomic levels, which are the basis for the statistical analysis. 

Just like for amplicon-based sequening data, metagenomic data can be processed in manifold

ways.  An exemplary workflow is depicted in Figure 1.2. Breifly, after DNA extraction from the

sample, sequencing library preparation, short-read seqencing and initial quality control based on

sequence  quality  data,  the  reads  can  be  subjected  to  multiple  independent,  but  partially

orthogonal analysis workflows. Popular database-driven tools like MetaPhlan2 [173], Kraken [174]

and HUMAnN2  [175] can be  used to estimate  taxonomic  and functional  composition of  the

community  in  the  analysis  directly  from  the  annotation  of  the  short  sequencing  reads.

Alternatively, the reads can be used in de novo assembler software, e.g. SPAdes [176] or MEGAHIT

[177],  for  the  creation  of  contigs,  meaning  genomic  stretches  of  the  microorganisms  in  the

community. Subsequently, genomic bins are created identifying and sorting contigs that belong to

the same organism, e.g. with MaxBin2 [178] or MetaBAT2 [179]. If a genomic bin meets a set of

defined criteria for completeness and contamination (CheckM)  [180], it is called a metagenome

assembled genome (MAG).  Abundance of a MAG in a community can be estimated from its

coverage and annotation of the MAG can be performed for taxonomy (e.g. GTDBtk)  [168] and

functional capacity (Prokka)  [181]. Direct short read annotation is usually faster than assembly-
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based approaches and working well  for deeply studied communities.  However,  they might fall

short for community members that are less well known or possibly novel.  The information in

MAGs  can  be  valuable  for  the  analysis  of  phylogenies,  however  assemblies  will  fail  for  low

abundant microorganisms with too little coverage in the sequencing library.

Although technological  advances  massively  increased sample  processing throughput  and data

generation  from  microbial  communities,  the  statistical  methods  used  for  the  analysis  are  still

largely based on methods developed for questions in classical  ecology since the 1950s and even

earlier  [182],  thus  also  terminology  in  modern  numerical  community  ecology  applied  in

microbiome analysis remains the same. 

An analysis of a microbial community with regard to a trait, for example in a case/control setting

or the influence of an environmental variable, is usually performed on three major levels: alpha

diversity, beta diversity and the assessment of differential feature abundance, with ‘features’ being

for example ASVs/OTUs, taxonomic groups or also microbial genes identified from metagenomic

sequencing.

Alpha  diversity (intra-individual  or  within-sample  diversity),  is  a  measure  of  community

composition of a single community. Multiple measures for alpha diversity are available, each of

them  with  different  emphasis  on  specific  properties  of  the  community.  One  of  the  simplest

measures for alpha diversity is  the  species richness  (S),  which is  the number of distinct features

present in a community. More complex estimates of alpha diversity include the  Shannon index

(H’)  [183], which is  based in information theory and reaching maximum in communities with

equal abundances of all features, the Simpson index (D) [184], emphasizing the influence of low-

abundant features, or Faith’s  phylogenetic diversity (PD)  [185], considering also the evolutionary

relationships between features  using a phylogenetic  tree.  Univariate tests  can be used to assess

differences in alpha diversity between discrete groups, depending on the properties of the chosen

diversity’s distribution, for example by non-parametric (e.g. Wilcoxon rank sum test) or parametric

(Student’s T-test) tests.

Beta diversity (inter-individual or between-sample diversity), is a measure for differences between

two microbial communities, which can be calculated for all pairs of samples in the analysis. Like

alpha diversity,  beta diversity  can be calculated based on different assumptions and it  can take

values between 0 (= both communities are equal with regard to the chosen diversity measure) and

1 (= both communities are maximally dissimilar). The Jaccard similarity coefficient (J)  [186] is an

unweighted measure, meaning it only accounts for presence or absence of features, but not their

abundance, and is defined as the number of features shared by two communities, divided by the

total number of features present in both samples combined. As diversities are usually measured as

distances and not similarities, the  Jaccard distance (dJ) is defined as dJ = 1 – J. One of the most

popular weighted measure for beta diversity is the  Bray-Curtis dissimilarity (BC)  [187], which is
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defined  as  the  sum  of  relative  feature  abundances  shared  by  two communities.  Like  in  alpha

diversity, also in beta diversity modern measures have been developed to incorporate phylogenetic

information in the distance measure, such as the  UniFrac distance [188], which is defined as the

branches of a phylogenetic tree shared between two communities, and can be calculated based on

presence and absence of branches (unweighted UniFrac) or considering the branch abundances

(weighted UniFrac). The analysis of community differences using beta diversities can be performed

in  multiple  ways.  Popular  choices  are  non-parametric  permutational  multivariate  analysis  of

variance [189] or distance-based redundancy analysis (db-RDA) [190], a technique of constrained

ordination, with multiple flavors and derivatives existing for both models.

The analysis of  differential  feature abundance can be used to identify microbial features with

changes  in  prevalence  or  abundance  between groups  (e.g. healthy  vs.  disease)  or  connected to

quantitative measurements (e.g. blood parameters or inflammation biomarkers). When analyzing

microbiome data  for  differences  between groups,  one important  thing  to consider  is  the  high

sparsity seen in such datasets, meaning the high amounts of features with a value of zero. This

property  of  zero-inflation  exhibited  by  features  investigated  in  microbiome  research  in

combination with the usually non-normal distribution of values need to be accounted for when

choosing the correct models for the analysis, as model assumptions of simple linear regression are

violated in these data [191], [192]. 

While these analyses are central to many studies performed in the field of microbiome research,

they can be extended by a multitude of additional  approaches,  for example the analysis  of co-

abundance and co-occurrence networks of microbial features [193] or the application of principles

of  compositional  data  analysis  (CoDa)  for  microbiome  data  [194],  giving  the  opportunity  of

exhaustive analysis, tailored to the question under investigation.

1.4.4 Genome-wide association analysis

With  the  publication  of  the  first  draft  sequence  of  a  human  genome  in  2001  [195],  new

opportunities  opened  for  research  of  human  genetics  and  it  was  through  the  efforts  of  the

International HapMap Consortium [196] that detailed information about the block-like structure

in  the  inheritance  of  genetic  information.  The  general  idea  behind  genome-wide  association

studies (GWAS) depends on the fact that recombination in cell division does not happen by pure

chance, but a relatively specific position, creating stretches of DNA and the variation within to be

inherited together in ‘haplotypes’. These haplotypes are able to be identified by the allelic state of

one  or  more  tagging  genetic  variants  that  are  in  strong linkage  disequilibrium (LD)  with the

surrounding,  making  it  possible  to  use  these  tags  to  extract  information  about  much  larger

proportions  of  the  genome,  which  guided  the  development  of  comparably  cheap  and  highly

informative genotyping arrays for large scale genetic association studies. 
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The first GWAS based on a genotyping array using chip technology to type 500,000 common

single nucleotide polymorphisms (SNPs = genetic variants with a frequency of the less common

(minor) allele  in a population above a certain threshold,  e.g. 1%) was published in 2007  [197],

identifying 24 independent genetic loci associated with six diseases in 17,000 individuals. Figure 1.3

summarizes  the  steps  of  a  GWAS.  Briefly,  all  individuals  included  (i)  are  coded  into  binary

phenotypes  (Y)  as  being  either  affected  by  the  trait  under  investigation  (Yi=1)  or  not  (Yi=0).

Subsequently, for each genotyped SNP (Zj) in an individual, the two possible alleles are coded as 0

(usually the more common (major) allele) and 1 (minor allele) and the occurrences of the minor

allele per individual are counted, so that in a diploid genome, like the human genome, Zj,i can take

the  values  Zj,i=0  for  individuals  homozygous  for  the  major  allele,  Zj,i=2  for  individuals

homozygous  for  the  minor  allele  and  Zi=1  for  heterozygous  individuals.  Doing  this  for  all

individuals,  this  results  in a  2x3-field  contingency table  per  SNP which can be  analyzed using

Fisher’s exact test or Chi-squared (χ2) test for whether a change in allele frequency can be seen in

association with the trait under investigation. More sophisticated and powerful statistical methods

can be used to investigate associations, for example logistic regression, which allow the inclusion of

potentially influencing covariates to be controlled for in the analysis, for example the individuals’

age and sex or population stratification [198]. Further developments in genome-wide association

analysis led to the possibilities to not only investigate binary traits,  but to identify genetic loci

influencing quantitative traits, like body height or blood pressure (quantitative trait loci, QTLs)

[199], which can also be tissue specific genetic influences on gene expression (expression QTLs,

eQTLs) [199].
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Figure 1.3  Schematic overview of a GWAS. Individuals (i) are assigned to groups or recruited based on a binary trait (Y).
Genotyping information for genetic variants (Z) is acquired for example by genotyping. Genotype distributions for each SNP
between traits are analyzed with statistical tests. Distribution of resulting P-values for all variants in the genome can be visualized
using a Manhattan plot.
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Since the introduction of GWAS, the method has quickly gained popularity for the assessment of

genetic risk factors for a large variety of traits, especially for complex diseases, as the large sample

number of samples included in GWAS can identify variants that have low individual effect size,

however in sum can explain substantial amounts of heritable risk [200]. Through ongoing large-

scale biobanking efforts, for example by the UK Biobank assessing deep phenotypic information

and  genotypes  of  500,000  individuals  [201],  also  rare  diseases  and  rare  genetic  variants  are

accessible for analysis, with the largest association studies recently having superseded the mark of

1,000,000  individuals  [202].  As  mentioned  earlier,  individual  effects  identified  in  GWAS  are

usually small, needing additional post-GWAS analyses for the prioritization and interpretation of

the results. These analyses can consist of different types of gene set enrichment analysis  [203] to

identify  biological  pathways  or  tissue  specific  effects  or  summary  statistics  can  be  used  in

Mendelian  randomization  (MR),  to  infer  directional  causal  relationships  between  phenotypes

[204], [205]. 

Briefly,  MR  mimics  the  design  of  a  randomized  controlled  trial,  using  individual  SNPs  as

instrumental variables. By observing the individuals’ allelic status at a certain  genetic locus, this

assigns the individuals ‘randomly’ to control/placebo and treatment groups. Due to the nature of

GWAS as population-based studies, this assumes equal, and thus negligible, exposure to potential

confounders in all groups. By now looking at group dependent differences of one trait (outcome)

depending  on  another  trait  (defined  as  exposure  or  risk  factor),  this  can  help  to  infer  causal

relationships[204]. Using 2-sample MR (2MR), effects of one population sample can be set into

relation to a different independent populations sample [206], enabling to use summary statistics

from a newly conduced GWAS together with summary statistics of previously published results to

infer causal relationships of traits, using one as exposure and the other as outcome. 

On  the  website  of  the  regularly  updated  and  curated  GWAS  Catalog

(https://www.ebi.ac.uk/gwas/home) [207],  results  from  GWAS  are  summarized  and  can  be

queried. As of February 2020, the summary statistics from 4,410 GWAS publications are available

via the GWAS Catalog, totaling 172,351 SNP-versus-trait associations. 
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1.5 Publications and main findings

C Art. Aim Design Results Conclusion

2 A Elucidating technical 

aspects in the analysis of 

metaorganisms.

Survey of 50 samples acquired 

from ten host-associated 

microbial communities using 

four 16S rRNA gene amplicon-

based approaches and shotgun 

metagenomics.

Taxonomic similarities between 

amplicon-based approaches and 

shotgun sequencing. Functional 

profiles inferred from amplicons 

differ from shotgun results. 

Choice of method depends on the 

community. Amplicons are useful 

tool next to shotgun sequencing.

3 B Host-genetic effects on 

gut microbiome beta 

diversity.

Permutation-free distance-based

F (DBF) test applied to 

microbiome data of 1,767 

individuals from Northern 

Germany.

Four genomic loci replicate in two 

cohorts (P<0.05) and are genome-

wider significant in meta analysis 

(P<5 × 10-8).

Genes involved in immune cell 

differentiation (CPEB4) and 

mucosal integrity (NHE8) 

influence gut microbiome.

C Host-genetic effects on 

gut microbiome beta 

diversity and individual 

microbial features.

DBF test and regression models 

applied to 8,956 individuals in 

five cohorts from Norther, 

North-Eastern and Southern 

Germany.

Variants in 32 loci show genome-

wide significant association with 

microbiome in meta analysis 

(P<5 × 10-8). 

ABO histo-blood group system is 

a potential modulator of human-

associated microbial communities.

Genes involved in TLR4-

dependent immune regulation 

(BLVRA) have effect on 

commensals.

4 D Replication of PSC-

associated signals in gut 

microbiome.

Analysis of fecal microbiome of 

PSC (n=73), UC  (n=88= and 

HC (n=98) individuals from 

Germany

Signatures found in Norwegian 

cohort partly replicate in affected 

Germans, especially Veillonella (PSC 

↑) and Coprococcus (PSC ↓). 

Microbial profiles can be used to 

separate HC and PSC.

Signals found in Norwegian PSC 

cohort replicate in German 

cohort.

E Meta-analysis of PSC-

associated microbiota of 

German and Norwegian 

individuals.

Analysis of fecal microbiome of 

PSC (n=137), UC (n= 118) and 

HC (n=133 ) individuals from 

Germany and Norway.

PSC patients differ in community 

composition and individual 

taxonomic groups from HC. Signals

from previous studies replicate. New

associations found with 

Parabacteroides (PSC ↑) and 

Protebacteria (PSC ↑). Widespread 

loss of taxa in association with PSC.

PSC-associated microbiota differs 

from HC, independent from 

country of origin of the sample. 

Associations are thus independent 

of environmental influence.

F Analysis of PSC-

associated mycobiome.

Sequencing and analysis of ITS2

amplicon for fungal 

communities in PSC (n=65), 

UC (n=38) and HC (n=66) 

individuals from Germany.

Significant changes in the relative 

abundance of Candida and 

Humicola/Trichocladium griseum 

associated with PSC.

In additoin to bacteriome, also the

mycobiome is altered in PSC.

G Identification of factors 

altering the skin 

microbiota.

Sampling of four nonlesional 

body sites in ten individuals 

with and without atopic 

dermatitis (AD), plus lesions in 

AD patients. Characterization 

of microbiome, lipid 

composition and fillagrin 

(FLG) mutations.

AD patients have higher relative 

abundances of Staphylococcus spp., 

also at non-affected body sites. 

Long-chain unsaturated fatty acid 

profiles differ. FLG influences 

microbiome composition.

Epidermal barrier integrity affects 

microbiome composition. 

Microbiome is altered in 

association with AD, independent 

of lesions.

C: Chapter; Art.: Article; HC: healthy controls; PSC: primary sclerosing cholangitis; UC: ulcerative colitis
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Table 2: Overview of publications forming the backbone of this thesis, summarizing the chapter (C) the respective 
article appears in, the article short reference (A-G), as well as aim, design, results and, conclusion drawn from each 
study.



2  Comparative  analysis  of  amplicon  and  metagenomic  sequencing
methods reveals key features in the evolution of animal metaorganisms

Publication:

Philipp Rausch*, Malte Rühlemann*, Britt M. Hermes, Shauni Doms, Tal Dagan, Katja Dierking,

Hanna Domin, Sebastian Fraune, Jakob von Frieling,  Ute Hentschel, Femke-Anouska Heinsen,

Marc Höppner, Martin T. Jahn, Cornelia Jaspers, Kohar Annie B. Kissoyan, Daniela Langfeldt,

Ateequr  Rehman,  Thorsten  B.  H.  Reusch,  Thomas  Roeder,  Ruth  A.  Schmitz,  Hinrich

Schulenburg,  Ryszard  Soluch,  Felix  Sommer,  Eva  Stukenbrock,  Nancy  Weiland-Bräuer,  Philip

Rosenstiel, Andre Franke, Thomas Bosch and John F. Baines: “Comparative analysis of amplicon

and  metagenomic  sequencing  methods  reveals  key  features  in  the  evolution  of  animal

metaorganisms”. Microbiome. 2019;7:133.
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Article A: Comparative analysis of amplicon and metagenomic sequencing methods

reveals key features in the evolution of animal metaorganisms
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3 Host-genetic influence on the human intestinal microbiome

Publications:

Malte C. Rühlemann, Frauke Degenhardt, Louise B. Thingholm, Jun Wang, Jurgita Skieceviciene,

Philipp Rausch, Johannes R.  Hov, Wolfgang Lieb,  Tom H. Karlsen, Matthias  Laudes,  John F.

Baines, Femke-Anouska Heinsen, and Andre Franke: “Application of the distance-based F test in

an mGWAS investigating β diversity of intestinal microbiota identifies variants in SLC9A8 (NHE8)

and 3 other loci”. Gut Microbes. 2018;9(1):68-75.

Malte Christoph Rühlemann, Britt Marie Hermes, Corinna Bang, Shauni Doms, Lucas Moitinho-

Silva, Louise Bruun Thingholm, Fabian Frost, Frauke Degenhardt, Michael Wittig, Jan Kässens,

Frank Ulrich Weiss, Annette Peters, Klaus Neuhaus, Uwe Völker, Henry Völzke, Georg Homuth,

Matthias  Laudes,  Wolfgang  Lieb,  Dirk  Haller,  Markus  Maximilian  Lerch,  John  Baines,  Andre

Franke:  “ABO  histo-blood  groups  influence  gut  microbiome,  with  causal  relationship  between

Bacteroides and inflammatory bowel disease”. Manuscript under review in Nature Genetics. 
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Article B:  Application of the distance-based F test in an mGWAS investigating  β

diversity of intestinal microbiota identifies variants in SLC9A8 (NHE8) and 3 other

loci
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Article  C:  ABO  histo-blood  groups  influence  gut  microbiome,  with  causal

relationship between Bacteroides and inflammatory bowel disease
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4 Disease-associated changes in the human microbiome

Publications:

Malte Christoph Rühlemann, Femke-Anouska Heinsen, Roman Zenouzi, Wolfgang Lieb, Andre

Franke and Christoph Schramm: “Faecal microbiota profiles as diagnostic biomarkers in primary

sclerosing cholangitis”. Gut. 2017;66:753-754.

Malte Rühlemann*, Timur Liwinski*, Femke‐Anouska Heinsen*, Corinna Bang, Roman Zenouzi,

Martin Kummen, Louise Thingholm, Marie Tempel, Wolfgang Lieb, Tom Karlsen, Ansgar Lohse,

Johannes Hov, Gerald Denk, Frank Lammert, Marcin Krawczyk, Christoph Schramm and Andre

Franke:  “Consistent  alterations  in  faecal  microbiomes  of  patients  with  primary  sclerosing

cholangitis independent of associated colitis”. Aliment Pharmacol Ther. 2019;50:580–589.

Malte Christoph Rühlemann, Miriam Emmy Leni Solovjeva, Roman Zenouzi, Timur Liwinski,

Martin Kummen, Wolfgang Lieb, Johannes Roksund Hov, Christoph Schramm, Andre Franke and

Corinna Bang: “Gut mycobiome of primary sclerosing cholangitis patients is characterised by an

increase of Trichocladium griseum and Candida species”. Gut. 2019. [Epub ahead of print]

Hansjörg Baurecht*, Malte C. Rühlemann*, Elke Rodrıguez, Frederieke Thielking, Inken Harder,

Anna-Sophie Erkens,  Dora Stölzl,  Eva Ellinghaus, Melanie Hotze, Wolfgang Lieb, Sheng Wang,

Femke-Anouska  Heinsen-Groth,  Andre  Franke  and  Stephan  Weidinger:  “Epidermal  lipid

composition, barrier integrity, and eczematous inflammation are associated with skin microbiome

configuration”. J Allergy Clin Immunol. 2018;141(5):1668-1676.
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Article D: Faecal microbiota profiles as diagnostic biomarkers in primary sclerosing

cholangitis

86



4 Disease-associated changes in the human microbiome

87



4 Disease-associated changes in the human microbiome

Article  E:  Consistent  alterations  in  faecal  microbiomes  of  patients  with  primary

sclerosing cholangitis independent of associated colitis
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Article F: Gut mycobiome of primary sclerosing cholangitis patients is characterised

by an increase of Trichocladium griseum and Candida species
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Article  G:  Epidermal  lipid  composition,  barrier  integrity,  and  eczematous

inflammation are associated with skin microbiome configuration
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5 Discussion

The presented studies cover different aspects to consider in the analysis of microbiome studies.

This  chapter  summarizes  the  main findings  of  each of  the  previous  chapters  and aims to put

additional  emphasis  on  aspects  only  briefly  covered  in  the  original  publications.  The  chapter

concludes with an overarching discussion of the insights gained from the individual articles, also

giving an outlook on future challenges in the research of host-associated microbial communities.

For a non-redundant naming, figures and tables from the articles are referred to as the articles A-

G, followed by the number of the item in the respective original publication, i.e. Figure 1 in article

A is referred to as Figure A.1.

5.1 Extended discussion of results chapters

5.1.1 Technological influence on the survey of microbial communities

The study presented in Article A intended to address two main ideas with regard to the effort in

the ‘Collaborative Research Centre 1182’: (1) How do the established lab protocols for the survey of

host-associated  microbial  communities  perform  across  the  studied  hosts?  And  (2),  what

information about the ‘bigger picture’ in host-microbe interactions can be generated from this

unique set of samples?

The second question was discussed extensively in the article.  The findings  suggest  that  host-

associated  microbial  communities  changed  drastically  when  hosts  started  to  transform  from

aquatic  to  terrestrial  lifestyle  around  425-500  million  years  ago.  However,  this  change  in  the

microbial communities is not necessarily connected to the functional repertoire of the members of

the communities, but rather happened by the introduction of more land-adapted bacterial lineages

while  –  at  community  level  –  conserving  the  original  functional  capacity.  The  most  notable

functional  changes were  seen in association with carbohydrate breakdown, indicating a strong

adaptation of microbes to the hosts’ food sources, but could also be a by-product of evolved host-

specific  glycosylation  patterns  important  for  host-microbiome  interactions  and  shaping  of  the

associated microbiota [208], [209].

Coming back to the assessment of performance of survey strategies for microbial communities,

the article led to the conclusion that the use of a one-step PCR of the V3-V4 16S rRNA gene

amplicon  generally  is  a  good  choice,  however,  host-specific  and  especially  community-specific

drawbacks apply. Focusing on human fecal samples, as they are the source material to all additional

studies presented in this thesis,  no systematic differences between the amplicon-based strategies
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could be identified (all P>0.05; Figure A.2). Also, in beta diversity, all human samples clustered

together  in  the  ordination,  indicating  a  clearly  defined,  strategy-independent  community

composition identified by all methods (Figure A.3). Using amplicon-data to infer the functional

repertoire of microbial communities was shown to be strongly biased by the host (Figure A.5).

While identification of closely related proxy organism for estimation of metabolic capacity showed

to be slightly easier for V3-V4-based amplicons,  none of the inferred functional  profiles  could

satisfyingly predict the actual profiles generated by shotgun metagenomic sequencing (Figure A.5).

This is possibly due to strain- and species-level functional differences in microbial taxa [169] and

still  unresolved strategies for the correction of 16S rRNA gene copy number variations among

closely related taxa, resulting in biased estimates [210]. 

Taken together, the results of this study showed that 16S rRNA gene amplicon-based strategies

for the analysis of host-associated microbial communities are - also in the age of larger-scale studies

using shotgun metagenomics - still highly valuable, as they provide a comparably cheap and still

accurate and robust  estimation of microbial  community structure  and composition.  However,

amplicon-based strategies cannot be used for a reliable estimation of functional capacities of these

communities. While they might serve as proxies for the generation of hypotheses to test, a clear

statement  about  the  function  of  a  microbial  community  can  only  be  guided  by  shotgun

metagenomics, even better when accompanied by culturing of functionally important candidate

taxa to also experimentally show the presence of a specific function.

The technical aspects covered in Article A should be considered as part of ongoing debates in the

field of microbiome analysis regarding the installment of  best practices for the survey and data

processing of microbial communities. As already discussed in  section  1.4.2,  parallel efforts in the

development of software suites for the analysis of amplicon-based sequencing data (see QIIME,

[161],  [162] mothur,  [160])  have  led  to  a  landscape  of  tools  to  use  in  the  analysis,  all  with

advantages and drawbacks, however ultimately performing comparable  [211]. Similar trends have

been shown for shotgun metagenomics, however adding additional layers of complexity, including

– but not limited to – sampling strategy, sample storage and choice of extraction kits (also affecting

amplicon-based approaches; [212]–[214]), and finally, the choice of downstream processing of data,

leaving the analyst with hundreds of possible strategies to follow, many of them targeting specific

aspects, making it impossible to create a ‘gold standard’ or ‘one-fits-all’ workflows (see Sczyrba et

al. [215]).

5.1.2 The influence of host genetics on the human intestinal microbiome

The articles  Article B and  Article C focused on the discovery of host-genetic associations with

microbial  traits.  The  introduction  of  the  permutation-free  distance-based  F  test  through

application of moment matching introduced in Article B and also applied to the larger dataset in
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Article C  massively reduced computation time for beta diversity-aimed GWAS. This increase in

calculation  speed  was  systematically  benchmarked  for  the  cohorts  included  in  Article  C,  in

addition  also  including  calculations  accelerated  by  the  use  of  a  NVIDIA  Tesla  P100  graphics

processing unit (GPU) and is part of the articles supplementary material, reproduced in Figure 5.1.

Briefly, the number of variants analyzed followed a strictly linear time complexity, independent of

the  cohort.  Increase  in  cohort  size  (N),  however,  clearly  led  to  a  quadratic  increase  in

computational  time,  due  to  the  N×N-sized  matrix  multiplications  in  the  approximation

calculations. The speed of matrix calculations can be highly increased when using a GPU instead

of  CPUs,  especially  in  the  case  of  large  matrices.  This  can  be  seen  by  a  10-fold  increase  in

calculation speed for the PopGen cohort (N=724) and an up to 266-fold speed-up for the SHIP-

Trend cohort (N=3,382) compared to the use of a single CPU, reducing the calculation time for a

single variant in the SHIP-Trend cohort from between 44-52 minutes to only 11.6 seconds. Taken

together with the speed-up compared to permutation-based approaches – which would take more

time by several orders of magnitudes – the introduction of the permutation-free distance-based F

test for the first time enabled genome-wide association analysis of beta diversities.

Among the 32 independent genetic loci identified in all three branches of the association analysis

in  Article C, focusing on beta diversity,  as well  as on feature abundance and presence-absence-

patterns, respectively, one of the most interesting loci found to be affecting the gut microbiom is

the histo-blood group ABO system transferase (ABO) gene locus. This result was already briefly

discussed in the original manuscript, however due to space constraints of the selected publication

format, in in-depth discussion of this intriguing finding was not possible, thus should now be

performed here. 

Depending on a set  of genetic variants  (see Chester  et al. [216]),  the  ABO gene encodes for

glycosyltransferases  which  either  add  N-acetylgalactosamine  or  galactose  to  a  fucosylated

oligosaccharide  on  the  surface  of  red  blood  cells  (RBCs;  fucosylation  by  FUT1)  or
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Figure 5.1: Summary of CPU- and GPU-based calculations for beta-diversity analysis. (A) Relationship of elapsed time and the
number of analyzed variants in the Focus cohort depending on the number of CPUs and GPUs used in parallel. (B) Relationship of
computational  time in  the  Focus cohort  depending on the  number of CPUs and GPUs used in  parallel.  (C) Relationship of
calculation time and cohort size depending on the usage of a single CPU or GPU for analysis. Reproduced from the supplementary
material of Article C.
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secreted/mucosal  proteins  (fucosylation  by  FUT2),  creating  the  A and  B histo-blood  group

antigen,  respectively.  Non-functioning  variants  of  ABO  do  not  add  any  final  sugar  to  the

precursor,  resulting  in  the  O-antigen (see  Figure  C.3,  panel  C  for  reference).  Multiple  genetic

polymorphisms encoding the production of the different antigens have been maintained in the

human population – and apparently already since tens of millions of years in ancestral populations

[217] – by a process called ‘balancing selection’. Compared to directional selection, which favors a

specific phenotypic variant in an environment, ultimately causing it to replace other variants by a

so-called  ‘selective  sweep’,  balancing  selection  leads  to  an  active  maintenance  of  multiple

phenotypes/alleles  in  the  gene  pool  of  a  population  [218].  The  multiple  reasons  for  the

maintenance  of  polymorphisms  were  reviewed  by  Llaurens  et  al.  [218],  one  of  them  being

‘heterozygote advantage’, meaning that combinations of different alleles possibly lead to higher

fitness than homozygotes of the respective alleles, and a second one being ‘frequency-dependent

selection’, implying population-level fluctuations connected to an external co-fluctuating selective

pressure,  e.g. a  predator-prey-  or  host-pathogen-relationship.  A  prominent  example  where

balancing selection is thought to play a role are variations in the major histocompatibility complex

(MHC) gene loci, as MHC heterogeneity increases antigen binding diversity, leading to broadened

capacity in recognition of potential pathogens  [219]. The MHC was shown to play a role in the

community assembly of the microbiome in mice with respect to pathogen susceptibility  [220],

suggesting that adaptation to pathogens and recognition of commensals guided the diversification

of the MHC. Similar effects are thought to be the basis of the persisting variation in the ABO

histo-blood groups [221]. 

The results  from the  GWAS,  identifying the  ABO  locus  as  modulator  of  the  abundance  of

specific  Bacteroides subgroups (OTU97_27) in combination with the  FUT2-dependent secretor

status, are possibly confirming this long-standing relationship of host and microbiota and once

again highlight the importance of glycosylation-patterns for host-microbe interaction, as discussed

in  section 5.1.1.  Especially  for  Bacteroides it  was  show that  they  possess  large  varieties  of  host-

glycoprotein degrading enzymes [222], [223]. Bacteroides show to be potentially interesting for in-

depth evaluation in connection to host-adaptation. As discussed in section 1.2.3, the closely related

genera  Prevotella and  Bacteroides exhibit population-level differences in their distributions, likely

connected to a westernization of lifestyle. However, also frequencies of ABO blood groups differ

markedly across global populations. While in Amerindians exclusively the O histo-blood group is

present [224], for Malawians blood groups were distributed 21.7/25.7/3.3/49.3% (A/B/AB/O) [225]

and a frequencies of 39.7/10.9/4.1/45.2% were found for white non-Hispanic US americans [226].

Whether  these  distributions  influence  microbiome  composition  and  Prevotella/Bacteroides

abundances on a global and/or population level needs to be investigated, however the presented

results  suggest  a  contribution  of  the  ABO  histo-blood  group  on  members  of  the  intestinal

microbial community.
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Alleles of the ABO histo-blood group system have been shown to be important for host health

and variation in the  ABO locus were shown to be associated to multiple complex traits, such as

type 2 diabetes [227], hematological cell composition [228], and blood lipids [229], clearly linking

this locus to metabolic syndrome and inflammation. The impact of host-microbe interactions on

the genetic architecture of inflammatory diseases has been proposed previously [230], implicating

possible widespread effects of microbe-associated selective pressure on host health. Intersecting the

results of Article C (Table C.1) and a scan for signals of long-term balancing selection [231] reveals

the  fragile  histidine  triad  (FHIT) gene  (chr3:59,747,277-61,251,459)  encoding  for  the  Bis-(5’-

adenosyl)-triphosphatase as potential target of microbe-driven selection. The GWAS identified the

prevalence of again another feature belonging to  Bacteroides (TestASV_15) to be associated with

variants in the  FHIT gene locus, a locus also described as one of the fastest evolving loci in the

human genome (HAR10; human accelerated region 10)[232] since the split from the evolutionary

lineage shared with chimpanzees, suggesting a connection to human speciation. Previous GWASes

identified  variants  in  FHIT to  be  connected  to  body  mass  index  [233] and  psychiatric  traits,

schizophrenia [234] and autism spectrum disorder [235].

Genome-wide  association  analysis  of  members  of  the  microbiota  still  show  extensive

heterogeneity,  with only very few loci  replicating between studies.  This  might be explained by

several influencing factors. As explained earlier, amplicon-based analyses can only serve as proxy for

functional  units  and  differences  in  library  preparation  could  influence  the  assessment  and

identification of microbial features. Additionally, the presence of a microbial features - a taxon,

ASV or OTU - is no proof for the presence of a function usually performed by this bacterium.

Bacteria are able to quickly adapt to a changed environment  [236], and each host individual and

the interaction with other microorganisms in the community presents a unique surrounding, with

for example ecological niches possibly taken by other bacteria or not presented by the host, due to

differing  dietary  patterns.  Further,  presence  and  absence  of  microbial  features  can be  hard  to
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estimate from sequencing data, as they might simply be low abundant and missed by stochastic

sampling processes (random zeros) or, especially in the case of fecal samples, are not represented at

all in the sampled material (structural zeros), as they colonize for example the mucus or the small

intestine and are not transported in large amounts in fecal material [237]. Also the compositional

nature  of  sequencing  datasets  could  lead  to  inaccurate  estimates  of  abundances  [194].  Future

analyses  of  host-genetic  effects  on  the  microbiome  should  address  these  issues  by  large-scale

metagenomic sequencing to assess functional diversity within closely related organisms. Although

more  complicated  to  acquire,  also  mucosal  biopsies  or  brushings  from  multiple  parts  of  the

intestine should be taken for an extensive analysis of spatial interactions between host-genetics and

microbes.  Finally,  overall  estimates  of  microbial  load  should  be  assessed  and  only  targeted

approaches for candidate taxa can ultimately demonstrate true absence or presence of features, for

example by culturing and/or feature-specific quantification.

5.1.3 The human microbiota in disease

The  Articles  D-G describe  disease-related  changes  in  different  sub-entities  of  the  human-

associated microbiome.  Article E confirms and expands on the findings of  Article D, indicating

extensive changes of the intestinal bacterial composition connected to the cholestatic liver disease

primary  sclerosing  cholangitis  (PSC).  The  use  of  inverse-variance  weighted  meta-analysis  and

stringent criteria used to assess statistical significance in  Article E enabled to find robust changes

connected to PSC and ulcerative colitis, independent of the cohorts’ origins. Regional variation in

the microbiome can be large  [238], however, the use of cross-regional approaches analyzing 16S

rRNA gene-based amplicon data  can exactly  identify  those  microbial  features  that  are directly

connected to disease, and not influenced by regional differences in lifestyle, diet, and/or genetics

and also technical factors (e.g. sampling strategies and DNA extraction kits) potentially leading to

shifts in the microbiome composition. This is important as the assumption of a contribution of

the microbiota to disease will likely be connected to specific taxonomic groups across all regions,

where the disease is prevalent. However, the microbiota’s modulation of health and disease might

also be connected to microbial metabolic functions. If these functions are performed by always

specific taxonomic groups, they will possibly be picked up by the analysis of amplicon sequencing

data. However, as discussed already briefly in the previous sections, the use of taxonomic bins or

ASVs/OTUs for the clustering of metabolically similar microbial features can only serve as a rough

proxy for the bacteria’s functional capacities. Analyses showed that the functional capacity of a

healthy human microbiota can be very stable across taxonomically very diverse compositions [18],

indicating large amounts of functional redundancy across taxonomic groups. In reverse, this might

also  mean  that  microbial  metabolic  functions  connected  to  disease  can  be  exerted  by  diverse

taxonomic  groups.  Algorithms  for  the  imputation  of  functional  capacity  from  amplicon  data

could possibly reveal such metabolic associations, however only, when these are highly conserved in
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the  respective  organisms.  As these functions  are  likely  strain specific  [94] and horizontal  gene

transfer  is  common  within  host-associated  microbial  communities  [239],  these  approaches  are

possibly over-simplistic and thus not suitable for the identification of disease associated metabolic

functions, as also shown by the large divergence between real and imputed functional capacity in

Article A and discussed in section 5.1.1. For the reliable identification of such disease causing or

modulating metabolic pathways, again shotgun metagenomic sequencing data might be a valuable

source for future studies.

The results of  Article F confirm previously described disease-associated changes in the fungal

microbiota in connection with PSC [240]. Even though the human fecal mycobiota is expected to

be a lot less diverse than the assembly of prokaryotes [39], especially in IBD it is thought to play a

pivotal role in disease pathogenesis [241]. The assessment of fungal communities has proven to be

highly influenced by DNA extraction protocols [242]. In addition, only very low amounts of the

total reads in shotgun metagenomic datasets can be identified as fungal sequences (1.2 x 106 out of

2.5 x 109 sequences = 0.048%; [243]). The low read count in combination with genomes larger than

those of bacteria (Candida albicans: 14.86 Mb [244]; Saccharomyces cerevisae: 12.1 Mb [245]; Mean

bacteria: 3.65 Mb [246]) make it challenging to gain robust estimates of fungal relative abundances

[247], thus PCR-based amplification for the survey of mycobiome community compositions are

needed. Especially here, long read sequencing technologies will likely prove valuable, as amplicons

used  in  mycobiome  analysis  vary  considerably  in  length  across  taxonomic  groups  [248].  Even

though still little is known about stability of fungal communities in the healthy human intestine

[249],  the  investigation of  the  mycobiome opens  the  possibility  of  gaining  additional  insights

about cross-kingdom interactions within microbial  communities  potentially  modulating health

and disease.  While  the  insights  from mycobiome analysis  remain descriptive  (Article  F, [240],

[241]), experimental studies could show the influence of intestinal fungus  C. albicans on Th17-

mediated response to stimuli elsewhere in the body [250], highlighting once again the importance

of the assessment of not only changes in the directly affected organs and body-sites, but rather a

systemic view on the metaorganism.

The  importance  of  this  view  is  confirmed  for  the  chronic  inflammatory  skin  disease  atopic

dermatitis (AD).  Article G  demonstrated that not only the acutely and previously affected skin

sites  of AD patients  exhibit compositional  differences compared to healthy skin regions in the

same individuals (Figure G.4), but also that bacterial  communities of non-affected skin in AD

patients  differs  from that  of healthy individuals  (Figure  G.3).  AD and Psoriasis,  two common

inflammatory skin diseases  [251], both share genetic risk factors with inflammatory bowel disease

and  are  known comorbidities  of  IBD  [123],  [252],  and  both  diseases  are  suspected  to  also  be

associated with marked changes in the intestinal microbiota [253], [254]. Whether these changes in

the intestinal microbiota are cause or consequence of potential systemic inflammatory processes
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manifesting in  skin  lesions  is  yet  to be  clarified,  however  treatment  options  of  extra-intestinal

diseases via modulation of the intestinal microbiota could potentially be of interest, and in this

regard, also the development of orally administered probiotics is discussed [255].

The  Articles  D-G could show that  the  assessment  of  disease-associated changes  in the  host’s

microbiota  should  not  only  rely  on  simple  case-control  comparisons  within  a  single  study

population, as the analysis of high dimensional data is prone to the identification of false positive

associations. The usage of an independent cohort from Oslo, Norway, in the Articles D and E in

combination with the standardization of the sequencing library protocols lead to the identification

of novel PSC-associated changes in the gut microbiota and the confirmation of previously found

differential abundances of microbial features in PSC and UC. Using an approach complementary

to the one used by Lemoinne et al. [240] for the assessment of the intestinal mycobiota, Article F

shifts the focus away from the PSC-associated increased abundance of the genus  Exophiala –  a

signal that was driven by only five samples – towards the replicating disease association of the

genus  Trichocladium/Humicola,  which was also identified to be increased in abundance in the

French  PSC  patients  (only  classified  on  class  level  as  Sordariomycetes),  however  not  discussed

further in the original article. The inclusion of non-affected skin sites as direct controls in Article G

should  also  be  considered  for  the  assessment  of  disease-associated  changes  in  the  intestinal

microbiota. Though fecal samples are easy to obtain from large collectives as they do not require

invasive sampling, using more samples acquired by biopsies or brushings of the mucosal surfaces

will help to increase spatial resolution of microbial changes in inflammatory bowel diseases and are

less prone to biases introduced by self-sampling procedures and transportation times. Here, also

the recruitment of healthy controls for endoscopic sampling is crucial for placing the changes in

the  bigger  picture,  as  Article  G  could  demonstrate  that  also  unaffected  sampling  sites  exhibit

systematic disease-associated differences in the microbial composition.
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5.2 Concluding discussion and future challenges

The technical advances in recent years had great impact on the understanding of assembly and

functioning of host-associated microbial communities. The  Articles A-G presented in this thesis

deliver new insights into multiple aspects of the way we see and the way we can analyze microbial

communities using nucleotide sequencing approaches. Amplicon-based approaches for the survey

of microbiomes have been proven to be a useful tool to investigate different parts of the human

microbiota, however major challenges still remain. 

Recent insights from the systematic analysis of databases of 16S rRNA gene amplicon sequences

have led to a shift from 97%-identity OTUs to a focus on exact amplicon sequence variants [169]

for the assessment of biologically meaningful species-level entities. However,  in silico  analysis of

16S rRNA sequences  showed that  also within species,  and even between different gene copies

within a single genome, sequence variation can be as large as 3% [256]. These properties make it

complicated to find a sensible balance between covering accuracy and true biological entities. For

alpha  and  beta  diversity,  measures  were  developed  that  incorporate  phylogenetic  trees  into

diversity calculations (Faith’s phylogenetic diversity  [185]; UniFrac [188]), however in the analysis

of features differentially abundant between groups of samples, such methods have not yet reached

wide  acclaim  (see  for  example  the  use  of  balance  trees  [257] or  the  PAAT  (phylogeny-aware

abundance testing) tool: https://github.com/mruehlemann/paat), although they might bridge the

gap between coarse (and potentially inaccurate [258]) taxonomic annotations of short amplicons

and fine-scale  sequence  variants.  Inaccuracies  in taxonomic assignments  can be  solved to large

extent by the increased share of long-reads used for full-length 16S rRNA gene sequencing [258],

[259], however these are only slowly reaching the cost-effectiveness and throughput of short read

sequencers.  In  addition,  long-read  sequencing  is  gaining  popularity  for  hybrid  assemblies  of

shotgun  metagenomic  sequencing  data  (meaning  assembly  of  genomes  from  complex

communities  using  both  short-  and  long-reads).  Here  long-read data  can be  highly  useful  for

scaffolding [260], but also for binning of contigs by the help of DNA methylation patterns [261].

The acquisition of high-quality genomic assemblies from microbial communities are crucial for the

determination  of  metabolic  potentials  of  individual  members,  but  most  importantly  of  the

assemblage as a whole.

An additional future challenge in microbiome analysis – part technical, part conceptual – is the

incorporation of cross-kingdom interaction in the analysis. In multiple studies, the lab of Harry

Sokol (see [240], [241]) could show disease-related changes in abundance correlations of bacteria

and  fungi.  These  studies  were  entirely  based  on  kingdom-specific  sets  of  target  amplicon

sequencing data. While such approaches enable for high-throughput analysis and the inclusion of

large numbers of samples, they are likely biased by the inherent compositional nature and technical
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aspects  of  amplicon  sequencing  data  and  need  labor-intensive  validation  of  these  proposed

interactions. How such cross-kingdom interactions can be validated was demonstrated for the case

of the bacterium  Christensenella minuta  and the archaeon  Methanobrevibacter smithii  recently.

Ruaud  et  al. [262] investigated  the  hypothesis  that  the  families  Methanobacteriaceae  and

Christensenellaceae  are  co-occurring,  which  was  originally  generated  from  16S  rRNA  gene

amplicon data. By using complementary approaches of in silico analysis of shotgun metagenomic

data and  in vitro co-culturing of the organisms, they could show co-localization and metabolic

interactions of the species, leading to changed production of SCFAs, with potential connections to

host health [262]. Further, the kingdom of viruses, especially bacteriophages, and their associations

with  host  health  and  interacting  partners  have  recently  shifted  into  the  focus  of  microbiome

research.  A  first  large-scale  longitudinal  study  of  fecal  phages  could  show  the  intra-personal

stability of the communities over time and the inter-personal diversity of these communities [41].

In addition, it was demonstrated that persistent members of the page community are linked to

predominantly present taxa of the intestinal bacterial community [41]. These insights provide the

starting point for health-related investigations of the human phageome. 

The effects of host-lifestyle on the associated microbial communities remain unclear. For example

the impact of physical exercise on the host are expected to be beneficial, possibly mediated via the

gut  microbiome  [263],  however  intervention  studies  in  humans  showing  clear  effects  are  still

lacking. One study sampled individuals participating the 2015 Boston Marathon multiple times

before and after the event [264]. The study found increased relative abundances of the bacterium

Veillonella  atypica in  stool  after  the  marathon.  Isolation and  gavage  of  the  bacterium to mice

supposedly increased treadmill runtime and metabolic analysis pointed to a conversion of lactate

produced while running to the SCFA propionate by  V. atypica,  showing a direct interaction of

host-derived metabolites and specialized consumption by associated microbes [264]. However, the

small sample size in this experiment, the very low abundances of  V. atypica and high variability

between individuals by orders of magnitude leave the true effects unclear and calls for the need for

validation of these findings in larger studies. Although the mechanisms remain unresolved, current

research mostly focusing on professional athletes and rodents as model organisms, as reviewed by

Sohail  et  al. [265],  suggests  a  reciprocal  association of  exercise-induced microbial  changes  and

immune-inflammatory mediators, activating a monitored energy balance and tissue metabolism.

The effects  of  host-lifestyle  are  complicated to assess,  as  lifestyle is  complicated to assess.  The

accuracy of consumer-grade wearables for activity tracking vary [266], however performances are

steadily increasing [267]. Nutrient intake is an important factor to consider in microbiome studies,

as  host-nutrition  will  directly  influence  food  resources  available  to the  members  of  the  gut

microbiome,  however  while  changes  in  dietary  patterns  induce  changes  in  the  microbiota,

intervention studies investigating long-term effect are still lacking  [268]. Nutrient intake is often

assessed by standardized food frequency questionnaires (FFQs) used to extract information on the
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intake  of  micro-  and  macronutrients  [269].  While  a  one-to-one  correlation  of  nutrients  and

changes in individual taxa requires many individual statistical test and thus large group sizes for

sufficient statistical power, recent studies suggest the use of dietary indices for the assessment of

dietary patterns and their effects on the microbiota, such as the Healthy Eating Index (HEI), the

Mediterranean  Diet  Score  (MDS)  and  the  Healthy  Food  Diversity  index  (HFD-Index)  [270].

Especially the HEI was demonstrated to show high correlation with alpha diversity as well as high

explained variability in beta diversity and discordance in twin pairs  [270]. The use of indices or

broader food groups in microbiome studies and also a longitudinal assessment of nutrition and

microbiota was shown to be crucial, as changes in the microbiota were found to be connected to

dietary history over multiple preceding days and personalized food choices, while profiles of micro-

and macronutrients were stable and similar across individuals and over time [271]. 

The investigation of nutrition and lifestyle impact on the microbiome is complicated, but even

though very personalized, it is a task possible to tackle in well-designed studies  [271]. Even more

complicated to study are early-life and life-history effects on community assembly and long-term

composition. Feretti et al. [272] demonstrated that even in temporally and spatially dense sampled

mother-infant  pairs,  already one day  after  birth,  on average  less  than 50% of  the  infants  fecal

microbiome could be attributed to any body-associated (fecal, oral, skin, and vaginal) microbiome

of the mother. However, in this study clearly demonstrated, that early members of the infants fecal

microbiota are acquired from multiple known and unknown environmental sources and largely

transient, with only few of them stably colonizing after one and four months after birth  [272].

While  robustly  identified  universal  molecular  drivers  of  microbial  colonization  of  the  human

intestine are still  lacking, for mice it  could be shown that the components of the host’s innate

immune  system  (Toll-like  receptors)  play  a  pivotal  role  in  the  initial  assembly  of  microbial

communities, influencing long-term composition of the gut microbiota [273]. 

The vast majority of studies investigating host-associated communities are still observational and

descriptive, aiming at the discovery of disease-associated microorganisms. While these discoveries

are crucial for the understanding of the interaction of host and microbes, they can only serve as a

first step, as they provide only a single snapshot of microbial community configuration. Although

algorithmic evaluation of  growth dynamics  from metagenomic data  has  been proposed  [274],

longitudinal  sampling  should  be  used  for  a  robust  assessment  of  community  composition

dynamics  [275]. Once candidates influencing host-health are validated, the next steps will target

the directed modulation of community structure and likely specific members of the community.

Targeted phage therapies for microbiome modulation are already being tested in model organisms

[276] and could become a valuable tool for shaping host-associated microbiomes. An additional

approach  to  promote  host  health  considering  the  intestinal  microbiota  is focusing  on  the

administration  of  probiotic  bacteria  and  personalized  nutrition.  Zeevi  et  al. [277] could
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demonstrate  that  the  gut  microbial  assemblage  together  with  additional  life-style  factors  and

anthropometric  measures  can  predict  the  post-prandial  glycemic  response.  Probiotics  as

supporting treatment in IBD are tested, however results remain inconclusive  [278]. In addition,

administration of probiotics after antibiotic treatment resulted in a prolonged reconstitution time,

compared  to  untreated  individuals  and  autologous  fecal  microbiome  transplantation  [279].

However, this analysis was solely based on the assumption that reconstitution to the state before

treatment  is  the  desired  outcome,  not  assessing  metabolic  capacity  and/or  health  related

measurements of alternative community compositions [279]. 

This fact highlights that the central question remains to be answered: 

What does a healthy human gut microbiome look like? 

As mentioned earlier, since the split from the shared ancestor with the Pan lineage, the human

microbiome  underwent  an  accelerated  transformation  [68].  The  investigation  of  non-human

primate associated microbial communities can potentially shed light on the evolutionary history of

the human microbiome, and thus, on the evolutionary history of humans. Recently, in a study

covering a broad range of primates, including Lemurs, New World monkeys, Old World monkeys,

and Apes, it was shown that dietary niches have an influence on the gut microbiota, however that

effects of host-physiology and thus of host-phylogeny clearly outweigh those [280]. This indicates

that independent of a dietary preference, the intestinal microbiota is primarily constrained by host

features.  But also between human populations,  large variation in the microbial composition is

evident [49], likely driven by a ‘Western’ lifestyle and accompanied by an increased prevalence of

chronic  inflammatory  disorders  [281].  The  question on whether  an  ‘ancestral’  microbiota  can

prevent chronic disorders remains to be answered, just like the question on how this ancestral state

of the human microbiota looked like. However, in any case, a less Western-centered view on the

microbiota might be able to assess microbial diversity and community variability on a true global

scale, as recently demonstrated by Pasolli  et al. [282]. Also, modern, data-driven approaches for

phylogenetic and taxonomic annotations of microorganism, as performed by Parks et al. [168], can

guide the way to a better informed assessment of microbial evolution as part of a community, and

thus also of human evolution. Microbiome conservatory initiatives like ‘The Microbiota Vault’

(http://www.microbiotavault.org/)  and  the  ‘Global  Microbiome  Conservancy’

(http://microbiomeconservancy.org/)  are  crucial  for  tackling  the  challenge  of  further

understanding  host-associated  community  assembly  and  might  guide  future  developments

targeting health-related aspects of the human metaorganism.
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