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Epirrhema

Miisset im Naturbetrachten

Immer eins wie alles achten.

Nichts ist drinnen, nichts ist draufien;
Denn was innen, das ist aufSen.
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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 evolutionire Bezichung zwischen Tieren, von Schwimmen bis hin zu Siugetieren, und den
mit ihnen assoziierten Mikroorganismen - dem Mikrobiom - hat biologische Einheiten
hervorgebracht, die nicht ohne einander betrachtet werden sollten oder gar konnten: 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 mutmaflich groflen Einfluss auf das Wohlbefinden und die Gesundheit des
Wirts . Speziell das intestinale Mikrobiom, welches das grofite Reservoir an Mikroorganismen im
menschlichen Kérper bildet, hat das Interesse verschiedenster medizinischer Disziplinen auf sich
gezogen. Interaktionen von Wirt und Mikroorganismen — dazu gehéren Bakterien, Archaeen,
Pilze, einzellige Eukaryoten und Viren — stehen im Zentrum vieler metabolischer Prozesse oder

konnen diese modulieren.

Da viele der Faktoren, die diese human-assoziierten mikrobiellen Verbiinde formen noch immer
unbekannt sind, hatte diese Doktorarbeit das Ziel, zu einem tieferen Verstindnis des menschlichen

Metaorganismus beizutragen.

Das erste Kapitel stellt einen Uberblick tiber 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 Verbiinden und
die Nutzung der ‘Shotgun’-Metagenomsequenzierung. Auflerdem wird diskutiert, wie diese
Ansitze die Ergebnisse von Mikrobiom-Studien beeinflussen kénnen. Durch die grofie Bandbreite
an untersuchten Modell- und Nicht-Modell-Organismen im Sonderforschungsbereich 182
‘Ursprung und Funktionieren von Metaorganismen’ konnte diese Studie die Erkenntnis gewinnen,
dass Amplikon-basierte Strategien und Metagenomik sich gegenseitig komplementieren kénnen.
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
evolutionire Ubergang von aquatischen zu terrestrischen Lebensformen einen grofien Einfluss auf

die Wirts-assoziierte Mikrobiota hatte.

Im dritten Kapitel stehen die Betrachtung des Einflusses der genetischen Variabilitit des Wirts auf
die Zusammensetzung des Mikrobioms sowie die Prisenz 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 Stiddeutschland - konnten vier bzw. 32 Abschnitte im menschlichen Genom mit
Einfluss auf das Mikrobiom identifiziert werden. Zusitzlich konnten Erkenntnisse iiber die

Bedeutung des ABo-Blutgruppensystems fiir die Interaktion mit Bakterien der Bacteroides



gewonnen und durch Anwendung Mendelscher Randomisierung kausative Zusammenhinge

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

Das letzte Ergebniskapitel, Kapitel 4, betrachtet krankheitsspezifische Verinderungen im
menschlichen Mikrobiom. Diese zeigen sich bei primir sklerosierender Cholangitis (PSC) und
Colitis Ulcerosa (UC) im Vergleich zu gesunden Kontrollpopulationen aus Norwegen und
Deutschland. Insbesondere fiir die Gattungen Veillonella und Coprococcus, letztere steht oft im
Zusammenhang mit einem gesunden Darm, konnte eine Erhéhung bzw. Depletion in der relativen
Abundanz im Zusammenhang mit PSC-Erkrankung gefunden werden. Durch diese und weitere
Verinderungen konnte eine diagnostische Signatur zur Differenzierung zwischen PSC-Patienten
und gesunden Kontrollen ermittelt werden (AUC = 0.88). Auch das Darmmykobiom zeigte
charakeeristische Verinderungen im Zusammenhang mit PSC, ausgezeichnet durch eine erhdhte
relative Abundanz der Gattungen Candida und Trichocladium. Zuletzt wurden krankheits-
assoziierte Verinderungen im Hautmikrobiom von Patienten mit atopischem Exzem (AE)
untersucht. In diesem Zusammenhang wurden Unterschiede in Hautregionen mit akuten und
chronischen Lisionen sowie in nicht-lisionalen Hautbereichen von AE-Betroffenen im Vergleich
zu gesunden Kontrollen gefunden. Lisionen gingen mit einer erhohten relativen Abundanz von
Staphylococcus aureus und anderen Staphylococcus spp. einher. Zusitzlich wurden epidermale
Fettsdurezusammensetzungen und Mutationen im Filaggrin (FLG) Gen, einem zentralen

Risikofaktor fur AE, als EinflussgrofSen 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 Verinderungen 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 abschlieflend geklirt werden,
jedoch deuten die Ergebnisse der Mendelschen Randomisierung auf einen aktiven Einfluss von
Mikroorganismen auf komplexe Krankheitsbilder hin. Die vorgestellten Ergebnisse legen den
Grundstein fiir eine tiefergehende Betrachtung von identifizierten Mikroorganismen (bspw.
Bacteroides und  Trichocladium) als Angriftspunke fur die Behandlung von chronischen

Entziindungserkrankungen.
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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 165 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

il



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 aurews 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

Trichocladinm, 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) 182 - ‘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 Gur Microbes as addendum to
an article by Wang ez 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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in the analysis to s-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 Gur in May 2016 and October 2019,
respectively. Article E was published in Alimentary Pharmacology €5 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 s 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

archacome, and the virome (including also the phageome: the collection of bacteriophages).
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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’ (+|o). 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 (o|-) 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 (o|o), 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” [s], 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 M6bius 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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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 3x10% human and 3.8x10% bacterial cells,
with bacteria outnumbering the host’s own cells by about r1.3 (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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Figure r.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).

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],
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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 er 4l [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 SLIT} replicating as influencing factor in two of
the studies on a genome-wide significant level (p<sx10®) [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 ez al. [47]
emphasizes that additional factors, for example environmental or lifestyle elements, significantly

contribute to host-associated community assembly.

A survey of s31 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 [so]. The shift from Prevotella- to
Bacteroides-dominated intestinal communities in westernized populations is summarized in Figure

L.2.
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Table 1: Overview of publications investigating human genetic associations with traits in a setting of a
genome-wide association analysis based on 16S amplicon sequencing data (16S) or shotgun metagenomic

sequencing (MGX).
Study Population Data | Model Trait Main findings
Blekhman et 4. US Americans 16S Linear regression | Beta diversity principal No reporting of SNP
(2014) [51] (N=93) coordinates (PCos) as vs. PCo results; No
quantitative traits enriched pathways
Taxon abundances as 8 coding variants
quantitative traits associated with 4 taxa
(Q<o.1)
Davenport et al. Hutterites 16S Linear mixed Alpha diversity No associations
(2015) [52] (USA; Naummer = 91, model reported
Nouiner= 93) Taxon abundances as 95 independent
quantitative traits associations with 32
taxa (Q<o0.2)
Goodrich ez al. (2016) | United Kingdom 168 Microbiome Beta diversity Two independent
[43] (NTuin pairs = 1,126) GWAS (53] associations
(P<sx10%)
Linear mixed Taxon abundances as 307 associations
model quantitative traits (Q<o0.2)
28 associations
(P<sx10%)
Bonder ez al. (2016) | The Netherlands MGX | Rank-based Taxon abundances as 9 associations
[46] (N =1,514) Spearman quantitative traits (P<sx10%)
correlatlzn (zero Gene ontology (GO2000) 12 associations
truncated) annotation abundances as (P<sx10%)
quantitative traits
MetaCyc pathways 21 associations
abundances as quantitative | (P <5 x 107)
traits
Turpin et al. (2016) | Canada 16S Generalized Alpha diversity (log-normal) | No associations
[45] (Naiscovery = 1,098, estimating as quantitative trait (P<sx10%)
Niiicaion = 463) egl]l;]l;lons Microbial dysbiosis index No associations
( ) (log-normal) as quantitative | (P <5 x 10°)
trait
Taxon abundances as 58 associations with
quantitative traits (log- 33 taxa (P <5 x 10%);
normal; two-part log normal) | Of these, 4 replicating
(P <o0.05)
Wang et al. (2016) [1] | Germany 16S Non-parametric | Beta diversity 42 associations
(N =1,812) test of ordination (P<sx10%)
fitting (‘envfit’)
Generalized linear | Taxon abundance as 40 associations with
(hurdle) model quantitative traits 24 taxa
(Negative (P<sx10%)
binomial)
Rothschild ez al. Israel MGX | Linear Mixed Taxon abundance as 43 associations with
(2018) [47] (N =814) Model quantitative (< % zeros) and | 35 taxa (P < 5 x 10%);

ualitative traits (= s% zeros
q 5

None significant after
FDR correction.
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Figure 1.2: Relative abundance distribution and log-ratios of Bactervides 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 Bactervides 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.

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 [s4). Wu et al. [55]
demonstrated the presence of the Bactervides- 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 [ss]. With the introduction of Dirichlet
multinomial mixtures (DMM) for microbial community modeling, Holmes ez 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 er 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
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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 4l [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 < §%), 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 er 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 iz vitro assessment of more than 1,000
marketed drugs on 4o 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, 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 ez 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 [8s].
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, z.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 er /. [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].

3



1Introduction

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 s-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
[1ro]. 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 [11].
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 s-year survival rate after CCA diagnosis ranges between s-15% [114].

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

specific autoantibodies and human lenkocyte antigen (HL.A)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
[15]. 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
[1r7], 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 [11s].
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 tungi (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 undil 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 (ddN'TPs) in low concentration. ddN'TPs 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 ddN'TD, 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, ie. 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 dN'TPs, only the single NTP 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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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 165 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 tRNA 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 (185 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
tRNA 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 v2o019.105 [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 viy [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 Vi-
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 MetaPhlana [173], Kraken [174]
and HUMAnN?2 [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 MaxBina [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
carlier [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 o (= 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 (d;) 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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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.

The first GWAS based on a genotyping array using chip technology to type s00,000 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 (7) are coded into binary
phenotypes (Y) as being either affected by the trait under investigation (Y;=1) or not (¥Y=o).
Subsequently, for each genotyped SNP (Z)) in an individual, the two possible alleles are coded as o
(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, Z;; can take
the values Z,=o for individuals homozygous for the major allele, Z,=2 for individuals
homozygous for the minor allele and Z=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 () 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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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

(hteps://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

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.

C | Art. | Aim Design Results Conclusion

2 | A | Elucidating technical Survey of so samples acquired | Taxonomic similarities between Choice of method depends on the
aspects in the analysis of | from ten host-associated amplicon-based approaches and community. Amplicons are useful
metaorganisms. microbial communities using | shotgun sequencing. Functional tool next to shotgun sequencing.

four 16S rRNA gene amplicon- | profiles inferred from amplicons
based approaches and shotgun | differ from shotgun results.
metagenomics.

3 B | Host-genetic effects on | Permutation-free distance-based | Four genomic loci replicate in two Genes involved in immune cell
gut microbiome beta F (DBF) test applied to cohorts (P<o.05) and are genome- | differentiation (CPEB4) and
diversity. microbiome data of 1,767 wider significant in meta analysis mucosal integrity (NHES)

individuals from Northern (P<s x 10%). influence gut microbiome.
Germany.

C | Host-genetic effects on | DBF test and regression models | Variants in 32 loci show genome- ABO histo-blood group system is
gut microbiome beta applied to 8,956 individualsin | wide significant association with a potential modulator of human-
diversity and individual | five cohorts from Norther, microbiome in meta analysis associated microbial communities.
microbial features. North-Eastern and Southern (P<s x 10%). Genes involved in TLR4-

Germany. dependent immune regulation
(BLVRA) have effect on
commensals.

4 | D |Replication of PSC- Analysis of fecal microbiome of | Signatures found in Norwegian Signals found in Norwegian PSC
associated signals in gut | PSC(n=73), UC (n=88=and | cohort partly replicate in affected cohort replicate in German
microbiome. HC (n=98) individuals from Germans, especially Veillonella (PSC | cohort.

Germany 1) and Coprococcus (PSC |).
Microbial profiles can be used to
separate HC and PSC.

E | Meta-analysis of PSC- Analysis of fecal microbiome of | PSC patients differ in community PSC-associated microbiota differs
associated microbiota of | PSC (n=137), UC (n=1u8)and | composition and individual from HC, independent from
German and Norwegian | HC (n=133 ) individuals from taxonomic groups from HC. Signals | country of origin of the sample.
individuals. Germany and Norway. from previous studies replicate. New | Associations are thus independent

associations found with of environmental influence.
Parabacteroides (PSC 1) and

Protebacteria (PSC 1). Widespread

loss of taxa in association with PSC.

F | Analysis of PSC- Sequencing and analysis of ITS2 | Significant changes in the relative In additoin to bacteriome, also the

associated mycobiome. | amplicon for fungal abundance of Candida and mycobiome is altered in PSC.
communities in PSC (n=6s), Humicola/ Trichocladium griseum
UC (n=38) and HC (n=66) associated with PSC.
individuals from Germany.

G | Identification of factors | Sampling of four nonlesional AD patients have higher relative Epidermal barrier integrity affects
altering the skin body sites in ten individuals abundances of Staphylococcus spp., | microbiome composition.
microbiota. with and without atopic also at non-affected body sites. Microbiome is altered in

dermatitis (AD), plus lesions in | Long-chain unsaturated fatty acid association with AD, independent
AD patients. Characterization | profiles differ. FLG influences of lesions.

of microbiome, lipid microbiome composition.

composition and fillagrin

(FLG) mutations.

C: Chapter; Art.: Article; HC: healthy controls; PSC: primary sclerosing cholangitis; UC: ulcerative colitis
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Abstract

Background: The interplay between hosts and their associated microbiome is now recognized as a fundamental
basis of the ecology, evolution, and development of both players. These interdependencies inspired a new view of
multicellular organisms as “metaorganisms.” The goal of the Collaborative Research Center "Origin and Function of
Metaorganisms” is to understand why and how microbial communities form long-term associations with hosts from
diverse taxonomic groups, ranging from sponges to humans in addition to plants.

Methods: In order to optimize the choice of analysis procedures, which may differ according to the host organism
and question at hand, we systematically compared the two main technical approaches for profiling microbial
communities, 165 rRNA gene amplicon and metagenomic shotgun sequencing across our panel of ten host taxa.
This includes two commonly used 16S rRNA gene regions and two amplification procedures, thus totaling five
different microbial profiles per host sample.

Conclusion: While 16S rRNA gene-based analyses are subject to much skepticism, we demonstrate that many
aspects of bacterial community characterization are consistent across methods. The resulting insight facilitates the
selection of appropriate methods across a wide range of host taxa. Overall, we recommend single- over multi-step
amplification procedures, and although exceptions and trade-offs exist, the V3 V4 over the V1 V2 region of the 16S
rRNA gene. Finally, by contrasting taxonomic and functional profiles and performing phylogenetic analysis, we
provide important and novel insight into broad evolutionary patterns among metaorganisms, whereby the
transition of animals from an aquatic to a terrestrial habitat marks a major event in the evolution of host-associated
microbial composition.
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Background

Dynamic host-microbe interactions have shaped the evo-
lution of life. Virtually all plants and animals are colo-
nized by an interdependent complex of microorganisms,
and there is growing recognition that the biological pro-
cesses of hosts and their associated microbial communi-
ties function in tandem, often as biological partners
comprising a collective entity known as the metaorgan-
ism [1]. For instance, symbiotic bacteria contribute to
host health and development in critical ways, ranging
from nutrient metabolism to regulating whole life cycles
[2] and in turn benefit from habitats and resources the
host provides. Moreover, it is well established that per-
turbations of the microbiome likely play an important
role in many host disease states [3]. However, re-
searchers have yet to elucidate the mechanisms driving
these interactions, as the exact molecular and cellular
processes are only poorly understood.

An integrated view on the metaorganism encompasses
a cross-disciplinary approach that addresses how and
why microbial communities form long-term associations
with their hosts. Despite widespread agreement that the
interdependencies of microbes and their hosts warrant
study, there remains considerable incongruity between
researchers regarding the best methodologies to study
host-microbe interactions. The development of stan-
dardized protocols for characterizing and analyzing
host-associated microbiomes across the tree of life is
thus crucial to understand the evolution and function of
metaorganisms without the issues of technical inconsist-
encies or data quality.

The rapidly growing interest in microbiome research
has been bolstered by the ability to profile diverse micro-
bial communities using next-generation sequencing
(NGS). This culture-free, high-throughput technology
enables identification and comparison of entire micro-
bial communities, so-called metagenomics [4]. Metage-
nomics typically encompasses two particular sequencing
strategies: amplicon sequencing, most often of the 16S
rRNA gene as a phylogenetic marker; or shotgun se-
quencing, which captures the complete breadth of DNA
within a sample [4].

The use of the 16S ribosomal RNA gene as a phylo-
genetic marker has proven to be an efficient and cost-
effective strategy for microbiome analysis and even al-
lows for the imputation of functional content based on
taxon abundances [5]. However, PCR-based phylogenetic
marker protocols are vulnerable to biases through sam-
ple preparation and sequencing errors. The choice of
which hypervariable regions of the 16S rRNA gene are
targeted for sequencing seems to be among the biggest
factors underlying technical differences in microbiome
composition [6-8]. Furthermore, 16S rRNA gene ampli-
con sequencing is typically limited to taxonomic
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classification at the genus level depending on the data-
base and classifiers used [9], and provides only limited
functional information [5]. These well-recognized limita-
tions of amplicon-based microbial community analyses
have raised concerns about the accuracy and reproduci-
bility of 16S rRNA phylogenetic marker studies and have
led to an increased interest in developing more reliable
methods for amplicon library preparation and sequen-
cing [8, 10].

Shotgun metagenomics, on the other hand, offers the
advantage of species- and strain-level classification of
bacteria. Additionally, it allows researchers to examine
the functional relationships between hosts and bacteria
by determining the functional content of samples dir-
ectly [9, 11], and enables the exploration of yet unknown
microbial life that would otherwise remain unclassifiable
[12]. However, the relatively high costs of shotgun meta-
genomics and more demanding bioinformatic require-
ments have precluded its use for microbiome analysis on
a wide scale [4, 9].

In this study, we set out to systematically compare ex-
perimental and analytical aspects of the two main tech-
nical approaches for microbial communities profiling,
16S rRNA gene amplicon and shotgun sequencing,
across a diverse array of host species studied in the Col-
laborative Research Center 1182, “Origin and Function
of Metaorganisms.” The ten host species range from
basal aquatic metazoans [Aplysina aerophoba (sponge)
and Mnemiopsis leidyi (comb jelly)]; to marine and lim-
nic cnidarians (Aurelia aurita, Nematostella vectensis,
Hydra vulgaris), standard vertebrate (Mus musculus),
and invertebrate model organisms (Drosophila melano-
gaster, Caenorhabditis elegans); to Homo sapiens; and in
addition to wheat (Triticum aestivum) and a standard-
ized mock community. This setup provides a breadth of
samples in terms of taxonomic composition and diver-
sity. Conducting standardized data generation proce-
dures on these diverse samples on the one hand
provides a unique and powerful opportunity to systemat-
ically compare alternative methods, which display con-
siderable heterogeneity in performance. On the other
hand, this information enables researchers working on
these or similar host species to choose the experimental
(e.g., hypervariable region) or analytical pipelines that
best suit their needs, which will be a valuable resource
to the greater community of host-microbe researchers.
Finally, we identified a number of interesting, broad-
scale patterns contrasting the aquatic and terrestrial en-
vironment of metaorganisms, which also reflect their
evolutionary trajectories.

Results
Our panel of hosts includes ten species, for which five
biological replicates each were included (see
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Additional file 1: Figure S1). The majority of hosts are
metazoans, including the “golden sponge” (Aplysina
aerophoba), moon jellyfish (Aurelia aurita), comb jelly-
fish (Mnemiopsis leidyi), starlet sea anemone (Nematos-
tella vectensis), fresh-water polyp Hydra vulgaris,
roundworm (Ceanorhabditis elegans), fruit fly (Drosoph-
ila  melanogaster), mouse (Mus musculus), human
(Homo sapiens), and the inclusion of wheat (Triticum
aestivum), which can serve as an outgroup to the meta-
zoan taxa. Drosophila melanogaster was additionally
sampled using two different methods targeting feces and
intestinal tissue. Nucleic acid extraction procedures were
conducted according to the needs of the individual host
species (see the “Methods” section and Additional file 1),
after which all DNA templates were subjected to a
standard panel of sequencing procedures. For 165 rRNA
gene amplicon sequencing, we used primers flanking
two commonly used variable regions, the V1 V2 and V3
V4 regions. Further, for each region, we compared a
single-step fusion-primer PCR to a two-step procedure
designed to improve the accuracy of amplicon-based
studies [8]. Finally, all samples were also subjected to
shotgun sequencing, such that five different sequence
profiles were generated for each sample. While a single
classification pipeline was employed for all four 16S
rRNA gene amplicon sequence profiles, community
composition based on shotgun data was evaluated using
MEGAN [13], due to the advantage of simultaneously
performing taxonomical and functional classification of
shotgun reads and an overall good performance (for
additional description, see Additional file 1).

Performance of data processing and quality control

All data generated from amplicons were subject to the
same stringent quality control pipeline including read-
trimming, merging of forward and reverse reads, quality
filtering based on sequence quality and estimated errors,
and chimera removal (see the “Methods” section). The
one-step V1 V2 amplicon data showed the highest rate
of read-survival (62.13 +23.90%; mean + sd) followed by
the corresponding two-step method (49.85 +23.90%;
mean = sd), in large part due to the greater coverage of
this comparatively shorter amplicon (~ 312bp). In con-
trast, 42.02+16.41% and 36.88+23.89% of the total
reads were included in downstream analysis for the one-
step and two-step V3 V4 data, respectively. The longer
V3 V4 amplicon (~ 470 bp) was more affected by drops
in quality at the end of the reads, which decreases the
overlap of forward and reverse reads and thus increases
the chances of sequencing errors (Additional file 1: Fig-
ure S2; for final sample sizes, see Additional file 2: Table
S1). Overall, aside from chimera removal, each quality
control step resulted in a comparatively greater loss of
V3 V4 compared to V1V2 data. On the other hand, the
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V3 V4 one-step method yields the lowest number of chi-
meras, suggesting a lower rate of chimera formation
and/or detection in this approach (variable region
Fi14=3.8881, P=0.0499; PCR protocol Fy,=81751,
P =0.0047; variable region x PCR protocol Fjjj4=
6.4733, P=0.0117; linear mixed model with organism as
random factor). Among all host taxa, we observe the
highest proportion of retained reads in the V1 V2 one-
step method and the lowest in the V3 V4 two-step
method (Additional file 1: Figure S2B; variable region
Fyp15=74.9989, P<0.0001; PCR protocol Fjq 5=
21.0743, P<0.0001; linear mixed model with organism
as random factor). After quality filtering and the identifi-
cation of bacterial reads, an average of 0.46 Gb of shot-
gun reads per sample was achieved (range 0.03-2.1 Gb)
(Additional file 1: Figure S3A; for final sample sizes, see
Additional file 2: Table S1). To provide an initial assess-
ment and comparison between the amplicon and
shotgun-based techniques, we plotted the discovered
classifiable taxa and functions for the entire pooled data-
set. Although the methods differ distinctly, each method
shows a plateau in the number of discovered entities
(see Additional file 1: Figures S3C, S3D).

Mock community
The analysis of standardized mock communities is an
important measure to ensure general quality standards
in microbial community analysis. In this study, we
employed a commercially available mixture of eight bac-
terial and two yeast species. Comparison among the
amplification procedures (one- and two-step PCR), 16S
rRNA gene regions (V1 V2, V3 V4), and shotgun data re-
veals varying degrees of similarity to the expected micro-
bial community composition (Fig. 1). One discrepancy is
apparent due to the misclassification of Escherichia/Shi-
gella, whose close relationship makes delineation at the
genus level difficult based on the V1 V2 region and is
subsequently classified to Enterobacteriaceae (Fig. la,
Additional file 1: Figure S4). Classification of this bacter-
ial group also differs based on the shotgun analysis
employed, due to different naming and taxonomic stan-
dards of the respective databases (Escherichia, Shigella,
and Enterobacteriaceae refer to the Escherichia/Shigella
cluster) [14]. However, overall, the amplicon-based pro-
files show the closest matches to the expected commu-
nity. The V3V4 one-step method shows the lowest
degree of deviation between observed and expected
abundances of the focus taxa (Table 1; Additional file 1:
Figure S4). In addition, the relative abundances of fungi
in the mock community were relatively well predicted by
MEGAN (see Fig. 1).

Next, we evaluated alpha and beta diversity across the
different technical and analytical methods. Interestingly,
most methods overestimate taxon richness but
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underestimate complexity (as measured by the Shannon
index) of the mock community, which could reflect
biases arising from grouping taxon abundances based on
slightly differing taxonomies (Fig. 1c, Additional file 1:
Figures S4, S5A and Additional file 2: Table S2). Overall,
the amplicon methods appear to more accurately reflect
alpha diversity, although significant differences are
present with regard to the amplified region (species rich-
ness: variable region Fj o =6.3657, P=0.0302; Shannon
H: method F ¢ =3.330, P = 0.1014, variable region F; ¢ =
6.110, P =0.0354; ANOVA best model). With regard to
beta diversity, the largest distance to the expected com-
position is observed for the shotgun-based data, while
the amplicon-based techniques, in particular V3 V4,

show the lowest distance (Fig. 1d, Additional file 1: Fig-
ure S5B). Pairwise tests show almost no differences be-
tween the amplicon-based techniques, while the
shotgun-based data significantly differs from all ampli-
con profiles (Additional file 2: Table S3). Thus, in con-
clusion, shotgun-based analysis yields a higher degree of
error compared to the amplicon-based approaches for
the simple mock community used in our study.

Taxonomic diversity within and between hosts

To evaluate the performance of our panel of metage-
nomic methods over the range of complex host-
associated communities in our consortium, we next
employed a series of alpha and beta diversity analyses to
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Table 1 Differences between expected and observed genus abundances in the mock communities (Nsporgun = 4, Namplicon = 3) Via a
one-sample t test (two-sided) of relative abundances (P values are adjusted via Hommel procedure)

Shotgun Amplicon

Members mock community MEGAN V1V2 one-step V3 V4 one-step V1 V2 two-step V3 V4 two-step
Staphylococcus 0.00002 0.52446 0.09200 003994 021564
Listeria 0.00395 034964 053267 0.03003 0.00545
Bacillus 0.00006 0.21420 0.02818 029671 030589
Pseudomonas 0.13668 036721 0.05776 038147 0.59037
Escherichia/Shigella® NA 0.00462 045612 000237 0.59037
Shigella® 46372% 107 NA NA NA NA
Escherichia® 0.00001 NA NA NA NA
Enterobacteriaceae® NA 087898 0.00004 019274 0.00055
Salmonella 38092 % 10°° 0.34964 0.05838 009712 0.08851
Lactobacillus 0.00297 0.87898 053267 038147 0.59037
Enterococcus 0.00012 0.04816 003746 001159 0.00954

Escherichia/Shigella relatives counted as equivalent

these samples, which also provides an opportunity to
infer broad patterns across animal taxa based on a stan-
dardized methodology. Measures of alpha diversity dis-
play overall consistent values with respect to host
species, although many significant differences between
methods are present, which are mostly host-specific
(Fig. 2a, b). However, several host taxa display high
levels of consistency across methods including A. aurita,
C. elegans, D. melanogaster, and H. sapiens, which show
almost no significant differences between methods. Dis-
crepancies and individual recommendations for each
host species are discussed in Additional file 1: Figures
S6-S16 and Additional file 2: Table S4. An intriguing
observation is the tendency of aquatic hosts to display
higher alpha diversity values than those of terrestrial
hosts, which is supported by average differences between
aquatic and terrestrial hosts and by relative consistent
comparisons among single host species as well (Fig. 2c,
d; Additional file 2: Table S5).

In order to investigate broad patterns of bacterial com-
munity similarity according to metagenomic procedure
and host species, we performed beta diversity analyses in-
cluding all host samples and each of their five different
methodological profiles. This analysis reveals an overall
strong signal of host species, irrespective of the method
used to generate community profiles (Table 2; Fig. 3).
Pairwise comparisons between hosts are significant in all
cases except for samples derived from the V3 V4 two-step
protocol, which did not consistently reach significance
after correction for multiple testing (Additional file 2:
Table S6). Further, complementary to the observations
made for alpha diversity, we also find strong signals of
community differentiation between the aquatic and terres-
trial hosts (Table 2; Fig. 3b, d). The separation between
these environments appears to be stronger based on
amplicon data, whereas the separation between hosts is

stronger based on shotgun-derived data (Table 2). To fur-
ther evaluate the variability among biological replicates,
we evaluated intra-group distances according to host spe-
cies, which reveals organisms with generally higher com-
munity variability (i.e., C. elegans, A. aurita, H. sapiens, H.
vulgaris, T. aestivum, and M. leidyi) than other host or-
ganisms in our study (N. vectensis, M. musculus, D. mela-
nogaster, and A. aerophoba; Additional file 1: Figure S17A
and C). Interestingly, intra-group distances also signifi-
cantly differ between the aquatic and terrestrial environ-
ments, whereby aquatic organisms tend to display less
variable communities than terrestrial ones (Add-
itional file 1: Figure S17B and D). Thus, this suggests
higher sample sizes may be necessary for experimental
analysis of the higher variability/terrestrial taxa. The low
performance of T. aestivum in subsequent analyses pos-
sibly originates from its commercial origin and low bacter-
ial biomass relative to host material.

To identify individual drivers behind patterns of beta
diversity, we performed indicator species analysis [15] at
the genus level with respect to method, host species, and
environment. Based on the amplicon data, we identified
56 of 313 indicators to display consistent associations
across all four amplicon techniques, such as Bacteroides,
Barnesiella, Clostridium IV, and Faecalibacterium in H.
sapiens and Helicobacter and Mucispirillum in M. mus-
culus, whereas other associations were limited to, e.g.,
only one variable region (Additional file 2: Tables S7 and
S8). However, the overall pattern of host associations is
largely consistent across methods (Additional file 1: Fig-
ure S18). We also identified numerous indicator genera
for aquatic and terrestrial hosts (Additional file 2: Tables
S9 and S10). Indicator analyses based on shotgun data
reveals a smaller and less diverse set of host-specific in-
dicators, which however show many congruencies with
the amplicon-based data.
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Fig. 2 Comparison of bacterial genus richness (a) and Shannon H (b) based on 165 rRNA gene amplicon and shotgun derived genus profiles
based on MEGAN highlighting the differences between variable regions, amplification methods, and metagenomic classifier, as well as between
the different host organisms. Colors show significance of amplification methods (a, €) or pairwise comparisons of methods (b, d) based on
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d). Mean values are shown in gray symbols in plots a and b. Sample sizes are indicated below the samples

Functional diversity within and between hosts

To examine the diversity (gene richness) of metage-
nomic functions across host species, we evaluated Egg-
NOG annotations (evolutionary genealogy of genes:
Non-supervised Orthologous Groups [16]) to obtain a

general functional spectrum (assembly-based and
MEGAN), in addition to annotations derived from a
database dedicated to functions interacting with carbo-
hydrates (CAZY—Carbohydrate-Active enZYmes) [17].
Overall, the individual host communities differ
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Table 2 Taxonomic distance-based PERMANOVA results for differences in community composition (genus level) between host
species and host environments based on shared abundance (Bray-Curtis) and shared presence (Jaccard), based on whole genome
shotgun and different amplicon strategies (P values are adjusted via Hommel's procedure)

Distance Factor Data Classifier DF F P Priommel R? adj. R
Bray-Curtis Organism Shotgun MEGAN 1049 63517 0.0001 0.0001 0.5645 04756
Amplicon V1V2 one-step 1043 7.1026 0.0001 0.0001 0.6229 05352

V1V2 two-step 10,42 42297 0.0001 0.0001 0.5018 03831

V3 V4 one-step 1043 7.8964 0.0001 0.0001 0.6474 0.5654

V3 V4 two-step 1041 37917 0.0001 0.0001 04805 03538

Environment Shotgun MEGAN 1,58 58958 0.0001 0.0004 0.0923 00766

Amplicon V1V2 one-step 1,52 6.1588 0.0001 0.0001 0.1059 0.0887

V1V2 two-step 1,51 46185 0.0001 0.0001 0.0830 00651

V3 V4 one-step 1,52 54975 0.0001 0.0001 0.0956 00782

V3 V4 two-step 1,50 33349 0.0001 0.0001 0.0625 00438

Jaccard Organism Shotgun MEGAN 10,49 4.7458 0.0001 0.0001 0.4920 03883
Amplicon V1V2 one-step 1043 36867 0.0001 0.0001 04616 03364

V1V2 two-step 10,42 29760 0.0001 0.0001 04147 02754

V3 V4 one-step 1043 40248 0.0001 0.0001 04835 03633

V3 V4 two-step 1041 29343 0.0001 0.0001 04171 02750

Environment Shotgun MEGAN 1,58 43872 0.0001 0.0004 0.0703 00543

Amplicon V1V2 one-step 1,52 38714 0.0001 0.0001 0.0693 00514

V1V2 two-step 151 36541 0.0001 0.0001 0.0669 0.0486

V3 V4 one-step 1,52 43213 0.0001 0.0001 0.0767 0.0590

V3 V4 two-step 1,50 36646 0.0001 0.0001 0.0683 0.0497

drastically in gene richness (EggNOG genes (MEGAN)
x> =52.202, P<210x107'% EggNOG genes (assembly)
X =49.986, P<210x107'% CAZY x*=48815 P«<
2.10 x 107'% approximate Kruskal-Wallis test). Although
the values also differ considerably between methods,
overall, the functional repertoires are most diverse in the
vertebrate hosts, while only H. vulgaris and A. aerophoba
as aquatic hosts carry comparably diverse functional rep-
ertoires (Fig. 4a, : Figure S19). Interestingly, in contrast
to taxonomic diversity, we observe no difference in func-
tional diversity between aquatic and terrestrial hosts.
Next we examined community differences (beta diver-
sity) at the functional level, which are overall more pro-
nounced (average adj. R*=0.5084; Fig. 4) than those
based on taxonomic (genus level) classification (shotgun
adj. R*=0.4756, amplicon average adj. R®=0.4594; see
Tables 2 and 3; Figs. 3 and 4, Additional file 1: Figure
$20). On the functional level, aquatic and terrestrial
hosts are considerably less distinct than observed at the
taxonomic level (taxonomic shotgun data R*=0.0766,
taxonomic amplicon average adj. R* = 0.0690, functional
shotgun data R?=0.0441; see Tables 2 and 3; Fig. 4,
Additional file 1: Figure S20). Variability of the func-
tional repertoires was lowest in A. aerophoba, D. mela-
nogaster feces, and M. musculus gut contents, while H.

vulgaris, C. elegans, and D. melanogaster gut samples
displayed the highest intra-group distances, which trans-
lates to a higher amount of functional heterogeneity be-
tween replicates (Additional file 1: Figure S21). This
reflects in large part the patterns we observed in taxo-
nomic variability of those host-associated communities
(Additional file 1: Figure S17).

Indicator functions

To identify specific functions that are characteristic of in-
dividual hosts, we applied indicator analysis to genomic
functions. General functions in EggNOG reveal several in-
teresting patterns, including CRISPR-related genes in A.
aerophoba, H. sapiens, and H. vulgaris, suggesting a par-
ticular importance of viruses in these communities. Fur-
ther, most species show characteristic genes mainly
involved in energy production and conversion, amino acid
transport and metabolism, replication, recombination, and
repair, as well as cell wall/membrane/envelope biogenesis
(Additional file 2: Tables S11-S13).

Analysis of carbohydrate-metabolizing functions based
on CAZY [17] (Carbohydrate-Active enZYmes) reveals
the highest number of characteristic glycoside hydrolases
(GH) in H. sapiens and M. musculus, whereas polysac-
charide lyases (PLs) for non-hydrolytic cleavage of
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Fig. 3 Non-metric multidimensional scaling of Bray-Curtis distances based on genus abundance profiles derived from the different 16S rRNA
gene amplicon methods (V1V2/V3 V4, one-step/two-step) and shotgun-derived genus profiles highlighting a host differences and b differences
between host environments (terrestrial/aquatic; see Table 2). Non-metric multidimensional scaling of Jaccard distances based on genus presence/
absence profiles derived from the different 16S rRNA gene amplicon methods and shotgun-derived genus profiles highlighting ¢ host taxon
differences and d differences between host environments (terrestrial/aquatic; see Table 2). Both panels show a separation based on host
organisms and environments and not by method. Large symbols indicate the centroid of the respective host groups and vertical lines help to
determine their position in space. Sample sizes are equal to Fig. 2 (see also Additional file 2: Table S1)

glycosidic bonds are present in A. aerophoba and H.
sapiens (Additional file 2: Table S14). Interestingly,
parts of the cellulosome are only associated to A.
aerophoba, while the freshwater polyp H. vulgaris car-
ries characteristic auxiliary CAZYs involved specific-
ally in lignin and chitin digestion, which may reflect
adaptations of the host microbial communities to
their diets (e.g., Artemia nauplii).

Performance of metagenome imputation from 16S rRNA

gene amplicon data using PICRUSt across metaorganisms
Researchers often desire to obtain the insight gained
from functional metagenomic information despite being
limited to 16S rRNA gene data, for which imputation
methods such as PICRUSt can be employed [5]. How-
ever, due to their dependence on variable region and
database coverage [5], these imputations should be
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viewed with caution. Given our dataset of both 16S
amplicon and shotgun metagenomic sequences, we sys-
tematically evaluated the performance of PICRUSt pre-
dictions across hosts and amplicon data type (V1V2/V3
V4, one-step/two-step protocol). Beginning with the
mock community, the V1 V2 region displays lower per-
formance for imputing functions compared to V3 V4, as
indicated by a higher weighted Nearest Sequenced

Taxon Index (NSTI) (¢=17.812, P=1.119 x 107; Add-
itional file 1: Figure S22A). High NSTI values imply low
availability of genome representatives for the respective
sample, due to either large phylogenetic distance for
each OTU to its closest sequenced reference genome or
a high frequency of poorly represented OTUs [5]. Com-
paring the distribution of functional categories based on
Clusters of Orthologous Groups (COG) [18] between
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Table 3 Functional distance-based PERMANOVA results for differences in general functional community composition (EggNOG) and
carbohydrate-active enzymes (CAZY) between host species and host environments based on shared abundance (Bray-Curtis) and
shared presence (Jaccard) of functions (P values are adjusted via Hommel procedure)

Distance Factor Data DF F P Priommel R? adj. R?
Bray-Curtis Organism CAZY 1047 7.3323 0.0001 0.0001 0.6094 0.5263
EggNOG categories 1049 5.6088 0.0001 0.0001 0.5337 0.4386
EggNOG gene + description 1049 44454 0.0001 0.0001 04757 0.3687
EggNOG (MEGAN categories) 1049 12.2594 0.0001 0.0001 0.7144 0.6562
EggNOG (MEGAN gene) 1049 8.2788 0.0001 0.0001 0.6282 0.5523
Environment CAZY 1,56 54257 0.0001 0.0007 0.0883 0.0721
EggNOG categories 1,58 2.5429 0.0195 00195 0.0420 0.0255
EggNOG gene + description 1,58 3.0662 0.0001 0.0007 0.0502 0.0338
EggNOG (MEGAN categories) 1,58 3.7703 0.0015 0.0030 0.0610 0.0448
EggNOG (MEGAN gene) 1,58 37271 0.0002 00012 0.0604 0.0442
Jaccard Organism CAZY 1047 3.9098 0.0001 0.0001 04541 0.3380
EggNOG categories 1049 3.7179 0.0001 0.0001 04314 03154
EggNOG gene + description 1049 2.5275 0.0001 0.0001 0.3403 0.2057
EggNOG (MEGAN categories) 1049 7.7781 0.0001 0.0001 0.6135 0.5346
EggNOG (MEGAN gene) 1049 54989 0.0001 0.0001 0.5288 04326
Environment CAZY 1,56 2.5866 0.0003 0.0021 0.0442 00271
EggNOG categories 1,58 14180 0.1442 0.1442 0.0239 0.0070
EggNOG gene + description 1,58 1.9535 0.0004 0.0024 0.0326 00159
EggNOG (MEGAN categories) 1,58 3.0425 0.0460 0.0920 0.0498 00335
EggNOG (MEGAN gene) 1,58 31222 0.0001 0.0009 0.0511 00347
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Fig. 5 a Differences in the Nearest Sequenced Taxon Index (imputation success) between variable regions (average: Z=0.3869, P=0.7017,
approximate Wilcoxon test; probability: odds ratio = 1.5941, P=0.1402, Fisher's test) and amplification method (Z=0.0667, P =0.9472, approximate
Wilcoxon test; probability: odds ratio =1.5511, P=0.1436, Fisher's test). b Procrustes correlation of imputed- and shotgun-based COG categories
among different techniques, with significantly higher correspondence between imputed and measured functional profiles in the V1 V2 compared
to the V3 V4 region (F; 15 = 7.8537, P=0.0118, ANOVA). ¢ Non-metric multidimensional scaling displays Bray-Curtis distances based on functional
category abundances (COG categories) derived from PICRUSt (V1 V2/V3 V4, one-step/two-step) and shotgun-based approaches (MEGAN, single
assembly). Ellipses represent standard deviations of points within the respective groups
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the different imputations (no cutoff applied) and the ac-
tual shotgun-based repertoires reveals considerable over-
lap except categories R (general function prediction
only) and S (function unknown) (Additional file 1: Fig-
ure S22B).

Next we evaluated functional imputations for the dif-
ferent host species and amplification methods. We found
no significant difference in average NSTI values or pre-
diction success (NSTI < 0.15) between amplification pro-
tocols or variable region. However, approximately a
third (31.8%) of the samples are lost due to incomplete
imputation (NSTI >0.15; Fig. 5a). Notable problematic
host taxa are A. aerophoba and H. vulgaris, for which no
sample remained below the NSTI cutoff value. Other
host taxa displayed clear differential performance with
regard to the variable region used, whereby H. sapiens,
N. vectensis, and T. aestivum were successfully predicted
based on V3 V4, but not V1 V2. However, when we em-
ploy Procrustes tests to compare community functional
profiles based on shotgun sequencing (single assembly,
MEGAN) and functional imputations at the COG-
category level, we find a lower correspondence of the
V3 V4-based imputations compared to those based on
V1V2 (Fig. 5b), while the amplification methods dis-
played no significant difference. A similar pattern is ob-
served when we correlate community differences based
on shotgun results and lower level (single functions)
COG annotations based on PICRUS, although the dif-
ference is not significant (Fy5=0.6172, P =0.4423;
ANOVA).

To investigate the similarities among methods in more
detail, we merged shotgun and PICRUSt based annota-
tions at the level of COG categories. Principle coordinate
analysis reveals only small differences between impu-
tations with regard to amplification method or vari-
able region (Fig. 5c). However, large differences exist
between the PICRUSt and shotgun-based functional
repertoires, as well as between the shotgun techniques
(MEGAN, single assembly). Differences between the
shotgun techniques were significant but smaller than
their distance to the imputed functional spectra
(Fig. 5¢; Additional file 2: Table S15), a pattern also
found in the relative abundances of functional cat-
egories (Additional file 1: Figure S23).

In summary, the PICRUSt-imputed functional reper-
toires significantly differ from actual shotgun profiles.
While variation in imputation success is largely
dependent on the composition of the particular host
community, V3 V4 appears to more often yield success-
ful imputations. However, when successful, V1V2-
derived imputations display closer similarity to actual
functional profiles. Finally, the amplification method
(one-step, two-step) appears to have no significant effect
on the quality of functional imputations. These data
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therefore support the notion that metagenome imputa-
tions should be evaluated with care, as they depend on
the underlying variable region and sample source.

Phylogenetic patterns in microbial community
composition

The term “phylosymbiosis” refers to the phenomenon
where the pattern of similarity among host-associated
microbial communities parallels the phylogeny of their
hosts [19]. Highly divergent hosts with drastic differ-
ences in physiology and life history might be expected to
overwhelm the likelihood of observing phylosymbiosis,
which can typically be observed within a given host clade
[19]. However, the factors driving differences in compos-
ition among our panel of hosts may also be expected to
vary in terms of the bacterial phylogenetic scale at which
they are most readily observed [20]. Thus, we evaluated
the degree to which bacterial community relationships
(beta diversity) reflect the underlying phylogeny of our
hosts at a range of bacterial taxonomic ranks, spanning
from the genus to the phylum level.

In order to assess the general overlap between beta di-
versity and phylogenetic distance of the host species, we
performed Procrustes analysis [21]. These analyses reveal
that the strongest phylogenetic signal is observed when
bacterial taxa are grouped at the order and/or family
level, whereby the one-step protocols and the V3 V4 re-
gion display greater correlations to phylogenetic distance
(Fig. 6). A similar pattern is observed for shotgun-based
community profiles (i.e., MEGAN), although its fit in-
creases again at the genus level. Measuring beta diversity
based on co-occurrence of bacterial taxa between hosts
(Jaccard; Fig. 6a) displays a weaker correspondence to
host phylogeny than the abundance-based measure
(Bray-Curtis; Fig. 6b).

To assess the fit of individual host taxa, we examined
the residuals of the correlation between community
composition and phylogenetic distance. This reveals a
large variation in correspondence among host taxa, with
M. musculus, M. leidyi, H. sapiens, and D. melanogaster
(feces) displaying the highest, while H. vulgaris, C. ele-
gans, and A. aerophoba display the lowest correspond-
ence between their microbiome composition and
phylogenetic position (largest residuals; Additional file 1:
Figure S24), pointing towards increased environmental
influences on these microbial communities. Further-
more, terrestrial hosts display an overall better corres-
pondence between co-occurrences of bacterial genera
and host relatedness (V1V2 one-step: Z=2.9578, P=
0.0025), as do measurements based on V3 V4 (one-step:
Z=2.7496, P=0.0054; two-step: Z=2.8097, P =0.0046;
approximate Wilcoxon test).

Next, given the peak of correspondence between bac-
terial community composition and host phylogeny
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Fig. 6 Multivariate correlation (Procrustes analyses) of phylogenetic distance among host organisms and community distances based on (a)
shared presence among samples or (b) differences in abundance in 165 rRNA gene amplicon or shotgun-derived community profiles at different
taxonomic cutoffs (Phylum to Genus, additional species level OTUs for amplicon-based profiles). Similar results are shown for the correspondence
between phylogenetic distances among samples and their distances based on (a) shared presence or (b) abundance differences in their
functional composition. The functional composition was derived from COGs and COG categories imputed from PICRUSt, EggNOG-derived COG
categories and genes, and CAZY functions. All correlations are significant at P < 0.05 (10,000 permutations)

observed at the order and/or family level, we set out to
identify individual community members whose abun-
dances best correlate to host phylogenetic distance using
Moran’s I eigenvector method [22]. This reveals 41 bac-
terial families and 36 orders with significant phylogen-
etic signal based on one or more amplicon data set,
whereby 16 families and 18 orders display repeated asso-
ciations across methods (e.g., Clostridia, Bacteroidales,
Desulfovibrionales; Additional file 2: Table S16; Add-
itional file 1: Figures S25 and S26). Analyzing communi-
ties based on shotgun data on the other hand identifies
75 bacterial families and 19 orders associated with
phylogenetic distances, whereby 17 and 20 display re-
peated associations, respectively (Additional file 2: Table
S16; Additional file 1: Figure S27). The combined results
of these analyses identify several families and orders
with strong and consistent phylogenetic associations,
in particular for the vertebrate hosts (e.g., Bacteroida-
ceaelBacteroidales, Bifidobacteriaceae/Bifidobacteriales,
Desulfovibrionaceae/ Desulfovibrionales, Ruminococca-
ceae/Clostridiales; see Additional file 2: Table S16).
Other individual examples include bacteria related to Heli-
cobacteraceae/ Campylobacterales in A. aurita, which are
observed in other marine cnidarians and may be involved
in sulfur oxidation [23]. Alcanivoracaceae, an alkane-
degrading bacterial group, is strongly associated to the

coastal cnidarian N. vectensis. This association might ori-
ginate from adaptation to a polluted coastal environment
[24]. Acidobacteria Gp6 and Gp9 specifically occur in A.
aerophoba and are commonly associated to the core mi-
crobial community of sponges [25].

Phylogenetic patterns in functional community composition

In order to contrast the patterns observed at the taxo-
nomic level to those based on function, we used Pro-
crustes correlation to measure the overlap between
phylogenetic distance and community distance based on
the panel of functional categories in our analyses. Inter-
estingly, the two functional categories displaying the
greatest correspondence to host phylogeny are the
CAZY and single EggNOG-based functions (Fig. 6). The
remainder of patterns between phylogeny and bacterial
functional spectra differed among the host species and
functional categories (Additional file 1: Figure $28), and
T. aestivum and D. melanogaster (feces) display the low-
est correspondence, while C. elegans, M. musculus, and
H. sapiens display the best correspondence (smallest re-
siduals; Additional file 1: Figure S24) between their func-
tional repertoire and phylogenetic position. As observed
for the taxonomic analyses, terrestrial hosts again display
a slightly better correlation than aquatic hosts (smaller
residuals), in particular for the co-abundance of
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EggNOG categories (Z =2.2116, P=0.0267), CAZY (Z =
2.0393, P=0.0414), and the co-occurrence of EggNOG
categories (Z = 2.7377, P = 0.0061) and genes (Z = 3.3062,
P =0.0007; approximate Wilcoxon test) among hosts.

Finally, to reveal individual functions correlating to
host phylogeny, we used the aforementioned Moran’s 1
eigenvector analyses with additional indicator analyses
to narrow the potential clade associations. Interestingly,
most functions that correlate to a specific host taxon/
clade (1-3 host taxa) are mainly restricted to vertebrate
hosts or in combination with a vertebrate host (Add-
itional file 2: Tables S17—S20). This pattern is repeated
across all functional annotations used in this study. Ex-
amples include fucosyltransferases, fucosidases, and
polysaccharide-binding proteins, as well as different ly-
ases for hyaluronate, xanthan, and chondroitin that stem
from CAZY (see Additional file 1: Figure S28; Add-
itional file 2: Table S17). These functions are related to
glycan and mucin degradation and interaction, which
mediate many intimate host-bacterial interactions and
are also observed in subsequent analyses based on gen-
eral functional databases (EggNOG; Additional file 2:
Tables S18—S20). Many other phylogenetically correlated
functions appear to be driven by the vertebrate hosts as
well, which likely reflects the high functional diversity
within this group (Fig. 4 and Additional file 1: Figure
S21). Only LPXC and LPXK (EggNOG), genes involved
in the biosynthesis of the outer membrane, are exclu-
sively associated to the non-vertebrate hosts (LPXC,
UDP-3-O-acyl-N-acetylglucosamine deacetylase; LPXK,
Tetraacyldisaccharide 4'-kinase), as is an oxidative dam-
age repair function (MSRA reductase) associated to H.
vulgaris (Additional file 2: Table S19; Additional file 1:
Figure S28). Finally, antibiotic resistance genes and viru-
lence factors also show frequent phylogenetic and host-
specific signals (Additional file 2: Tables S18 and S19;
Additional file 1: Figure S28).

Discussion

Despite the great number of metagenomic studies pub-
lished to date, which range in their focus on technical,
analytical, or biological aspects, our study represents a
unique contribution given its breadth of different host
samples analyzed with a panel of standardized methods.
In particular, the trade-offs between 16S rRNA gene
amplicon and shotgun sequencing concerning amplifica-
tion bias, functional information, and both monetary
and computational costs warrant careful consideration
when designing research projects. While 16S rRNA gene
amplicon-based analyses are subject to considerable
skepticism and criticism, we demonstrate that in many
aspects similar, if not superior characterization of bacter-
ial communities is achieved by these methods. We also
show, however, that important insight can be gained
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through the combination of taxonomic and functional
profiling, and that imputation-based functional profiles
significantly differ from actual profiles. Our findings thus
provide a guide for selecting an appropriate method-
ology for metagenomic analyses across a variety of
metaorganisms. Finally, these data provide novel insight
into the broad-scale evolution of host-associated bacter-
ial communities, which can be viewed as particularly re-
liable given the repeatability of observations (e.g.,
differences between aquatic and terrestrial hosts, indica-
tor taxa) across methods.

Given the concerns regarding the accuracy of 16S
rRNA gene amplicon sequencing, other studies such as
that of Gohl et al. [8] performed systematic comparisons
of different library preparation methods and found su-
perior results for a two-step amplification procedure.
This method offers the additional advantage that one
panel of adapter/barcode sequences can be combined
with any number of different primers. Our first analyses
were based on a standard mock community including
Gram-positive and Gram-negative bacteria from the Ba-
cilli and Gamma-Proteobacteria (eight species), as well
as two fungi, which did not support an improvement of
performance based on the two-step protocol. However, a
number of changes were made to the Gohl et al. [8]
protocol to adapt it to our lab procedures (e.g., larger re-
action volumes, polymerase, variable region, heterogen-
eity spacers) that may contribute to these discrepancies,
in addition to our different and diverse set of samples
and other factors with potential influence on the per-
formance of amplicon sequencing [6-8, 26-28]. The
complexity of the mock community, i.e., the number of
taxa, distribution, and phylogenetic breadth, may also
have an influence on the discovery of clear trends in
amplification biases or detection limits for certain taxo-
nomic groups [29]. Thus, the even and phylogenetically
shallow mock community in our study may be less
suited than the staggered and diverse mixtures used in
other studies [8] but still provides valuable information
on repeatability, primer biases, and accuracy [29]. None-
theless, when applied to our range of complex host-
associated communities, we also found that significant
differences in most parameters were due to the variable
region rather than amplification method, and in many
cases, biological signals were either improved or limited
to the one-step protocol. Thus, in combination with the
less complex laboratory procedures associated with the
one-step protocol, we would generally recommend this
procedure over two-step protocols.

Additional sources of variation influencing the out-
come of our 16S rRNA gene amplicon-based community
profiling are nucleic acid extraction procedures and the
bioinformatic pipelines we employed. For the former, ex-
traction procedures differed between host species due to
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specific optimizations required for individual host spe-
cies. Thus, certain differences in taxonomic and func-
tional composition may be influenced by the specific
protocols employed, as observed elsewhere [30]. Differ-
ences in the latter range from trimming and merging to
clustering and classification, which are stringent and in-
corporate more reliable de novo clustering algorithms
[31] as well as different classification databases [32]. Het-
erogeneity among the different amplicon approaches is
however smaller than the differences between the ampli-
con and shotgun methods, as observed in other bench-
marking studies [27]. Differences between shotgun
approaches have been investigated in detail and also
yield varying performances among classifiers, but in gen-
eral, find a comparatively high performance of MEGAN-
based approaches [9, 33, 34], which we also confirm in
our study.

Given the limited number of studies that have com-
pared imputed- and shotgun-derived functional reper-
toires [5, 35], our study also provides important
additional insights. As imputation by definition is data-
dependent, the differential performance and prediction
among hosts in our study may in large part be explained
by the amount of bacteria isolated, sequenced, and de-
posited (16S rRNA or genome) from these hosts or their
respective environments. This seems to be most critical
for the aquatic hosts. Furthermore, we observe a clear
effect of variable region on the prediction performance,
which is most obvious based on the mock community.
The PICRUSt algorithm was developed and tested using
primers targeting V3V4 16S rRNA, and thus
optimization of the imputation algorithm might be
biased towards this target over the V1 V2 variable re-
gion. Although these performance differences, in par-
ticular the bias towards model organisms compared to
less characterized communities (e.g., hypersaline micro-
bial mats), were previously shown [5], our study provides
additional, experimentally validated guidelines for a
number of novel host taxa.

Interestingly, the strongest correspondence between bac-
terial community similarity and host genetic distance was
detected at the bacterial order level for most of the
employed methods. This may on the one hand reflect the
deep phylogenetic relationships between our host taxa, such
that turnover of bacterial taxa erodes phylosymbiosis over
time [19, 20]. On the other hand, some of the more striking
observations made among our host taxa are the differences
between aquatic and terrestrial hosts, both at the level of
alpha and beta diversity. Based on a molecular clock for the
16S rRNA gene of roughly 1% divergence per 50 million
years [36], bacterial order level divergence corresponds well
with the timing of animal terrestrialization (425-500 MYA)
[37, 38]. Although evolutionary rates can widely vary
among bacteria species [39], other studies of individual gut
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microbial lineages such as the Enteroccoci indicate that ani-
mal terrestrialization was indeed a likely driver of diversifi-
cation [40]. Specifically, the changing availability of
carbohydrates in the host gut can be seen as a main driver
of this diversification, which is consistent with the associ-
ation of CAZY-based functional repertoires correlating to
phylogenetic distance in our data set [19, 41].

In contrast to the patterns observed based on 16S
rRNA gene amplicon-based profiles, the differentiation
of bacterial communities according to host habitat was
less pronounced based on functional genomic reper-
toires. This raises the possibility that the colonization of
land by ancient animals required the acquisition of new,
land-adapted bacterial lineages to perform some of the
same ancestral functions. The overall observation of in-
creased beta diversity among terrestrial compared to
aquatic hosts (Additional file 1: Figure S19) could in part
reflect differential acquisition among host lineages after
colonizing land, although dispersal in the aquatic envir-
onment may on the other hand act as a greater hom-
ogenizing factor among aquatic hosts. The stronger
correspondence between bacterial community and host
phylogenetic distance among terrestrial hosts is also gen-
erally consistent with this hypothesis. However, the
higher alpha diversity and the slightly lower correspond-
ence with the phylogenetic patterns in aquatic hosts may
also indicate a higher influence of environmental bac-
teria or a lack of physiological control over bacterial
communities.

Bacterial taxa and functions involved in carbohydrate
utilization were among the most notable associations to
individual hosts, groups of hosts, and/or host phylogen-
etic relationships. Taxa such as Bacteroidales, Rumino-
coccaceae/Ruminococcales, and Clostridia associated to
humans and/or mice include members known for a mu-
cosal lifestyle, and these hosts also display the most di-
verse and abundant repertoire of carbohydrate-active
enzymes (particularly glycosylhydrolases) in their micro-
biome. Other examples include sialidases, esterases, and
fucosyltransferases, as well as different extracellular
structures that appear to be specific to aquatic hosts, in-
dicating differences in mucus and glycan composition
according to this host environment. Glycan structures
provide a direct link between the microbial community
and the host via attachment, nutrition, and communica-
tion [42, 43], and the composition of mucin and glycan
structures themselves show strong evolutionary patterns
and are distinct among taxonomic groups [41]. Thus, a
high diversity of glycan structures within and between
hosts may determine the specific sets carbohydrate-
facilitating enzymes of the respective microbial
communities.

In addition to the bacterial carbohydrate hydrolases
that digest surrounding host and dietary carbohydrates,
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we also identified a number of glycosyltransferases asso-
ciated with capsular polysaccharide synthesis (Add-
itional file 2: Tables S19 and S$20). This type of
glycosylation is an important facilitator for host associ-
ation and survival [44] and plays a crucial role in infec-
tions [45] in mutualists and pathogens alike [44, 46].
Thus, capsular and excreted glycan structures are im-
portant for the successful colonization and persistence
in different environments [47, 48] and host organisms
[44, 48].

Conclusions

In summary, the systematic comparison of five different
metagenomic sequencing methods applied to ten differ-
ent holobiont yielded a number of novel technical and
biological insights. Although important exceptions will
exist, we demonstrate that broad-scale biological pat-
terns are largely consistent across these varying
methods. As many aspects of differential performance in
our study are host-specific (more detailed description of
individual hosts can be found in Additional file 1), future
development and benchmarking analyses would also
benefit from including a range of different host/environ-
mental samples.

Methods

DNA extraction and 16S rRNA gene amplicon sequencing
Protocols for each host type are described in Add-
itional file 1: Figures S18-S28. Each library (16S rRNA
gene amplicon, shotgun) included at least one mock
community sample based on the ZymoBIOMICS™ Mi-
crobial Community DNA Standard (Lot.: ZRC187324,
ZRC187325) consisting of eight bacterial species
(Pseudomonas  aeruginosa (10.4%), Escherichia coli
(9.0%), Salmonella enterica (11.8%), Lactobacillus fer-
mentum (10.3%), Enterococcus faecalis (14.1%), Staphylo-
coccus aureus (14.6%), Listeria monocytogenes (13.2%),
Bacillus subtilis (13.2%)) and two fungi (Saccharomyces
cerevisiae (1.6%), Cryptococcus neoformans (1.8%)).

The 16S rRNA gene was amplified using uniquely bar-
coded primers flanking the V1 and V2 hypervariable re-
gions (27F-338R) and V3 V4 hypervariable regions
(515F-806R) with fused MiSeq adapters and heterogen-
eity spacers in a 25-ul PCR [28]. For the traditional one-
step PCR protocol, we used 4 pl of each forward and re-
verse primer (0.28 uM), 0.5pul dNTPs (200 uM each),
0.25 pl Phusion Hot Start II High-Fidelity DNA Poly-
merase (0.5 Us), 5 pl of HF buffer (Thermo Fisher Scien-
tific, Inc., Waltham, MA, USA), and 1 pl of undiluted
DNA. PCRs were conducted with the following cycling
conditions (98 °C, 30 s; 30 x [98 °C, 9 s; 55 °C, 60 s; 72
°C, 90 s]; 72 °C, 10 min; 10 °C, infinity) and checked on
a 1.5% agarose gel. Using a modified version of the re-
cently published two-step PCR protocol by Gohl et al.
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2016, we employed for the first round of amplification
fusion primers consisting of the 16S rRNA gene primers
(V1 V2, V3 V4) and a part of the Illumina Nextera
adapter with the following cycling conditions in a 25- pl
PCR reaction (98 °C, 30 s; 25 x [98 °C, 10 s; 55 °C, 30 s;
72 °C, 60 s]; 72 °C, 10 min; 10 °C, infinity) [8]. Following
the PCR, the product was diluted 1:10 and 5 pl were
used in an additional reaction of 10 pl (98 °C, 30 s; 10 x
[98 °C, 9s; 55 °C, 30°s; 72 °C, 60 s]; 72 °C, 10 min; 10 °C,
infinity) utilizing the Nextera adapter overhangs to ligate
the Illumina adapter sequence and individual MIDs to the
amplicons, following the manufacturer’s instructions. The
PCR protocol we used was 1 pl of each forward and re-
verse primer (5 M), 0.3 pl dANTPs (10 pM), 0.2 pl Phusion
Hot Start II High-Fidelity DNA Polymerase (2 U/pl), 2 ul
of 5 x HF buffer (Thermo Fisher Scientific, Inc., Waltham,
MA, USA), and 5 pl of the diluted PCR product. The con-
centration of the amplicons was estimated using a Gel
Doc™ XR+ System coupled with Image Lab™ Software
(BioRad, Hercules, CA USA) with 3 pl of O’GeneRulerTM
100 bp Plus DNA Ladder (Thermo Fisher Scientific, Inc.,
Waltham, MA, USA) as the internal standard for band in-
tensity measurement. The samples of individual gels were
pooled into approximately equimolar sub-pools as indi-
cated by band intensity and measured with the Qubit
dsDNA br Assay Kit (Life Technologies GmbH, Darm-
stadt, Germany). Sub-pools were mixed in an equimolar
fashion and stored at — 20 °C until sequencing.

Library preparation for shotgun sequencing was per-
formed using the NexteraXT kit (Illumina) for fragmen-
tation and multiplexing of input DNA following the
manufacturer’s instructions. Amplicon sequencing was
performed on the Illumina MiSeq platform with v3
chemistry (2 x 300 cycle kit), while shotgun sequencing
was performed on an Illumina NextSeq 500 platform via
2x150bp Mid Output Kit at the IKMB Sequencing
Center (CAU Kiel, Germany).

Amplicon analysis

The respective V1 V2 and V3 V4 PCR primer sequences
were removed from the sequencing data using cutadapt
(v.1.8.3) [49]. Sequence data in FastQ format was quality
trimmed using sickle (v.1.33) in paired-end mode with
default settings and removing sequences dropping below
100bp after trimming [50]. Forward and reverse read
were merged into a single amplicon read using
VSEARCH allowing fragments with a length of 280-350
bp for V1 V2 and 350-500 bp for V3 V4 amplicons [51].
Sequence data was quality controlled using fastq_qual-
ity_filter (FastX Toolkit) retaining sequences with no
more than 5% of per-base quality values below 30 and
subsequently with VSEARCH discarding sequences with
more than one expected error [51, 52]. Reference-guided
chimera removal was performed using the gold.fa
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reference in VSEARCH (v2.4.3). The UTAX algorithm
was used for a fast classification of the sequence data in
order to remove sequences not assigned to the domains
Bacteria or Archaea and exclude amplicon fragments
from Chloroplasts [53]. Notably, only a total of 15 se-
quences were assigned to the domain Archaea, all found
in two samples of human feces, accounting for less than
0.1% of the clean reads in these samples. The entire
cleaned sequence data was concatenated into a single file
and dereplicated and processed with VSEARCH for
OTU picking using the UCLUST algorithm [54] using a
97% similarity threshold. OTUs were again checked for
chimeric sequences, now using the de novo implementa-
tion of the UCHIME algorithm in VSEARCH [51, 54,
55]. All clean sequence data of the samples were mapped
back to the cleaned OTU sequences using VSEARCH.
OTU sequences and clean sequences mapping to the
OTUs were taxonomically annotated using the RDP
classifier algorithm with the RDP training set 14 [56,
57]. Sequence data were normalized by selecting 10,000
random sequences per sample. Taxon-by-sample abun-
dance tables were created for all taxonomic levels from
Phylum to Genus, as well as for OTUs.

PICRUSt functional imputations

Species-level OTUs (97% similarity threshold) were fur-
ther classified using the GreenGenes (August 2013)
database [58] via RDP classifier as implemented in
mothur (v1.39.5) and merged with the abundances into
a biome file which was uploaded to the Galaxy PICRUSt
v1.1.1 pipeline (http://galaxy.morganlangille.com/) to de-
rive functional imputations (COG predictions) [5]. To
achieve accurate functional predictions, samples with
NSTI <0.15 (weighted Nearest Sequenced Taxon Index)
were pruned from the data set, as recommended by the
developers.

Shotgun sequencing

Raw demultiplexed sequences were trimmed via Trim-
momatic (v0.36) for low-quality regions with a minimum
length of 50bp as well as for adaptor and remaining
MID sequences [59]. After trimming reads were mapped
to host-specific genome databases and @X with add-
itional retention databases containing all fully sequenced
bacterial and metagenomic genomes (5 September 2015)
via DeconSeq (v0.4.3) [60]. Single and paired sequences
were repaired using the BBTools (v37.28) repair function
[61]. Combined sequences were searched against the
non-redundant NCBI database (28 July 2017) via DIA-
MOND [62] with (E value cutoff 0.001, v0.8.28) and
MEGAN [13] classifying hits by functions (EggNOG—
October 2016) and taxa (May 2017) (v6.6.1). For assem-
blies of single samples, we used metaSPADES [63]
(v3.9.1) using paired reads in addition to unpaired reads
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left from the previous steps. PROKKA (v1.12) was used
for gene calling and initial genome annotation [64] using
the metagenome option with additional identifying
rRNA and snRNA via barnap, ARAGORN [65], and In-
fernal [66]. ORFs were further annotated via EggNOG
annotation via HMMER models implemented in the
EggNOG-mapper (v0.12.7) [16, 67], CAZY database via
dbCAN (v5, July 24, 2016), and HMMERS3 [17, 68]. Gene
abundances were derived from mapping the all reads
back to the predicted ORF via bowtie2 (v2.2.6) [69] and
calculated TPM (transcripts per kilobase million) via
SamTools (v1.5) [70].

18S rRNA genes were obtained from NCBI GeneBank
and aligned via ClustalW (v1.4) [71] for host tree con-
struction, which includes A. aerophoba (gi:-51095211,
AY5917991), M. leidyi (gi:14517703, AF2937001), H.
vulgaris  (gi:761889987, JN5940542), A. aurita (gi:
14700050, AY0392081), N. vectensis (gi:13897746,
AF2543821), T. aestivum (gi:15982656, AY0490401), M.
musculus (gi:374088232, NR_0032783), H. sapiens (gi:
36162, X032051), D. melanogaster (gi:939630477, NR_
1335591), and C. elegans (gi:30525807, AY2681171).
Phylogenetic distance was calculated via DNADIST
(v3.5¢) [72] and a maximum likelihood tree was con-
structed via FastTree v2.1 CAT+I model [73]. Accuracy
was improved via increased minimum evolution rounds
for initial tree search [-spr 4], more exhaustive tree
search [-mlacc 2], and a slow initial tree search
[-slownni].

Statistical analysis

Statistical analyses were carried out via R (v3.4.3) [74].
Alpha diversity indices (richness, Shannon-Weaver
index) and beta diversity metrics based on the shared
presence (Jaccard distance) or abundance (Bray-Curtis
distance) of taxa were calculated in the vegan package
[75] and ordinated via Principal Coordinate Analysis
(PCoA, avoiding negative eigenvalues), or via non-metric
multidimensional scaling (NMDS) using a maximum of
10,000 random starts to obtain a minimally stressed con-
figuration in three dimensions. Clusters were fit via an
iterative process (10,000 permutations) and tested for
separation by direct gradient analysis via distance-based
redundancy analyses and permutative ANOVA (10,000
permutations) [76, 77]. Univariate analyses were carried
out with approximate Wilcoxon/Kruskal tests as imple-
mented in coin [78] (10,000 permutations). Procrustes
tests were used to relate pairwise community distances
based on either different data sources such as functional
repertoires or taxonomic composition, as well as phylo-
genetic distances [21, 79]. Moran’s I eigenvector tech-
nique was employed to correlate bacterial community
members and their functions to phylogenetic divergence,
as implemented in ape (10,000 permutations) [22, 80].
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Indicator species analysis, employing the generalized in-
dicator value (IndVal.g), was used to assess the predict-
ive value of a taxon for each respective host phenotype/
category as implemented in indicspecies [15]. Linear
mixed models, as implemented in nlme were used to
compare the influence of amplification method or vari-
able region without the influence of the organism of ori-
gin [81]. We employed the Hommel and Benjamini-
Yekutieli adjustment of P values when advised [82, 83].

Additional files

Additional file 1: Supplementary Materials. (PDF 6900 kb)
Additional file 2: Supplementary Tables. (ZIP 1765 kb)
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ABSTRACT

Factors shaping the human intestinal microbiota range from environmental influences, like smoking
and exercise, over dietary patterns and disease to the host's genetic variation. Recently, we could
show in a microbiome genome-wide association study (mGWAS) targeting genetic variation
influencing the g diversity of gut microbial communities, that approximately 10% of the overall gut
microbiome variation can be explained by host genetics. Here, we report on the application of a
new method for genotype-g-diversity association testing, the distance-based F (DBF) test. With this
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we identified 4 loci with genome-wide significant associations, harboring the genes CBEP4, SLC9AS, 1BD
TNFSF4, and SP140, respectively. Our findings highlight the utility of the high-performance DBF test
in B diversity GWAS and emphasize the important role of host genetics and immunity in shaping

the human intestinal microbiota.

Introduction

The human gut microbiota as an important focus of
medical research within the past few years, has been
investigated in the context of numerous inflammatory
and non-inflammatory disorders of the intestine, but
also in other systemic diseases, rendering gut health
and the underlying host-microbiota interactions as a
key component of well-being. While changes in -
and B diversity, as well as changes in the presence or
absence and the abundance of specific microbial taxa
have been shown to be associated with numerous dis-
eases, the processes and factors shaping a ‘healthy’ gut
microbiota are still largely understudied. First studies
could show connections between host genotypes and
changes in the abundance of specific taxa. These stud-
ies were either rather underpowered, investigating

only roughly one hundred individuals,"* or based on
candidate genes to reduce multiple testing burden.>*
An analysis approach, focusing on host-genetic
influences on B diversity using the microbiomeGWAS
framework,” which uses linear models to correlate
genotype distance data with pairwise B diversity data,
correcting for skewness and kurtosis of the results,
identified 2 loci on chromosome 9 and chromosome 4
to be associated with variation in weighted UniFrac
distance and Bray-Curtis dissimilarity, respectively.*
Recently, we estimated in a host-microbiome
genome-wide association study (mGWAS), linking B
diversity to host genetic variation, that roughly 10% of
the variation in the gut microbiota is explained by the
host’s genetic architecture (model with 42 loci) in a
Northern German study population.® This proportion
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of explained variation has about the same order of
magnitude as the proportion explained by non-genetic
factors (such as dietary and lifestyle factors) described
elsewhere.”® Additionally, we could show correlations
of serum bile- and fatty acids with the abundance of
microbial traits. Especially variants in the gene encod-
ing for the transcription factor Vitamin D Receptor
(VDR), among whose ligands are also bile acids, were
found to play an essential role in shaping of intestinal
communities.®

Here, we present the application of an alternative
analytical approach for the investigation of 8 diversity
host-genomic associations with shaping the gut
microbiota, which does not rely on extensive permuta-
tions, thus massively reducing the computational bur-
den, while exhibiting high concordance with
comparable permutation-based approaches.

Our findings highlight the role of the host’s
immune functions and signaling in the assembly and
homeostasis of gut-associated microbial communities
in humans. In addition, our identified loci are located
near known inflammatory bowel disease (IBD) genetic
susceptibility loci, previously identified through case-
control GWAS, implicating the host-microbiome
interplay in IBD disease etiology.

Approximate inference of null distribution
as an alternative to extensive permutative tests
in g diversity GWAS

Permutative distance-based analysis of variance,’ as
implemented in the adonis function of the vegan pack-
age'” for R," is an widely used approach to investigate
differences in B diversity based on categorical variables.
However, approaches relying on permutation are slow
regarding computation time, and thus, not applicable
to large data sets comprising several hundreds of sam-
ples and millions of genetic variants. The method of
moment matching tries to overcome these problems by
approximating an unknown null distribution based on
known distributions. In this case a Pearson Type III
distribution, and parameters estimated from the data
itself,'> provide the opportunity to analyze large data
sets in a GWAS setting comparably fast using this dis-
tance-based F test (DBF test). The Pearson Type III
distribution was chosen as its properties as a 3-parame-
ter Gamma distribution makes modeling of a multitude
of other distributions possible, using its first 3 moments
calculated from the data: mean, variance and skewness.
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While the DFB test has been shown to be applicable to
different types of data sets and distance measures,'>"
it has not been used in large-scale studies investigating
factors shaping microbial communities. We applied
this method on B diversity data represented as Bray-
Curtis dissimilarity on genus level abundance data, in
analogy to the input data used in our previous publica-
tion.® The genotype information used was the same as
described in the previously published article.® The data
set consisted of 2 independent cohorts, PopGen and
FoCus, from Northern Germany, comprising 830 and
937 individuals, respectively, and 1767 individuals in
total. To account for influences of nutrition and
anthropometrics, the Bray-Curtis dissimilarity was cor-
rected for the covariates total energy intake, alcohol
consumption, and water intake, as well as age, gender,
and body mass index, respectively. Furthermore, B
diversity data was corrected for variation in the first 3
genetic principal components. This was done fitting a
distance-based Redundancy Analysis® (capscale func-
tion of the vegan package'® for R') using the afore-
mentioned covariates as constraints. The residual
variation of this model was subsequently used as dis-
tance matrix in the DBF-test. The DBF-test was per-
formed in R'' using the snpStats package'* to import
genotype data in plink format'> and applying the DBF.
test function imported from the R source code file
accompanying the original article describing the DBF
test (https://wwwf.imperial.ac.uk/~gmontana/soft
ware/dbf/dbf_test.R)."> To ensure the detection of
robust signals and to account for the different sample
sizes, a meta-analysis was performed only using geno-
type-information overlapping in both cohorts and
using a weighted Z-score based test.'® Association
results were classified as “significant,” if the meta-analy-
sis P-value passed the genome-wide significance thresh-
old of P < 5 x 107® in the meta-analysis, and both
cohorts displayed a significant P-value (P < 0.05).

Genes involved in host-immunity are associated with
shifts in B diversity

Using the afore-mentioned significance criteria, 4 loci
were found as significantly associated with variation
in B diversity in the meta-analysis. The locus with the
strongest signal is located on chromosome 5
(rs67909753; chr5:173306058; Poen = 3.61 x 107
Fig. 1A in strong LD with the CPEB4 gene (Cyto-
plasmic Polyadenylation Element Binding Protein 4).
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CPEB4 is an effector by which RORyt, a key determi-
nant in the cell differentiation of Th17 cells, inhibits
proliferation of thymocytes.'” One variant at this locus
(rs7705502; R?[cpasnp = 0.928) has previously been
reported to be associated with Crohn’s disease'®'? and
obesity-related traits.*® The second signal is located on
chromosome 20 (rs113738363; chr20:48449631; P, .
=154 x 1078 Fig. 1B). A variant at this locus in
strong linkage disequilibrium with the lead SNP
(rs4809760; R* = 0.765) has been identified in our
previous mGWAS® and is located in an intronic area
of the SLC9A8 gene, encoding for NHE8 (cation pro-
ton antiporter 8). This protein is expressed in goblet
cells in the intestine*' and is known to be essential for
mucosal integrity, with loss of expression leading to
increased bacterial adhesion and inflammation in
mice following dextran sodium sulfate (DSS) treat-
ment.** Additionally, this locus was previously found
to be associated with psoriasis,>> > a chronic disorder
of the skin with proposed links to the intestinal
microbiota.”®
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Our third hit is located on chromosome 2
(rs11678791; chr2:231223975; Pous = 1.19 x 1075
Fig. 1C) harboring the SP140 Nuclear Body Protein
and the SP140L genes. This locus was previously asso-
ciated with Crohn’s disease'® and SP140L is a key reg-
ulator of the macrophage transcriptional program,
whose depletion leads to a severely impaired microbe-
induced activation.”’ The fourth and last association
finding is located on chromosome 1 (rs11811788;
chr1:173150727; P = 2.1 x 107% Fig. 1D). This
locus harbors the TNFSF4 (OX40L; CD252) gene that
is located 2.1 kbp downstream of rs11811788. The
0X40-OX40L signaling pathway has been shown to
regulate cytokines in T-cells, antigen-presenting cells
(APCs), NK cells and NKT cells, thus plays a central
role in inflammation.*®

Permutation-based analysis

To confirm the validity of the signals, permutation
based testing was performed for the 4 variants

B
1 100
os
s rs113: L4
o |free g "
02 88, H
0 &;0 & 2
g (4 < > g
i & g0 0 §
< 14 Fi
g L

~l0gyd(p-value)

-
Paimitic acd (16:0) plasma lovels

~BaGALTS

Position on chr20 (Mb)

8 chr:173150727 «|F80
o I

(o) o1s UoRRUIGUIOD

Sysamc kpus ofromatoaus and Syseic sceross
Wt sooss
D —
]

~FsFIE - ~Loc100506023
1731 1732
Position on chr1 (Mb)

173 1733 1734

Figure 1. Regional association plots of the A diversity meta-analysis. (A) TNFSF4/0X40L, Chromosome 1: 173Mb-173.4Mb, Preta = 2.1 X
1075 (B) SP140 and SP140L, Chromosome 2: 231Mb-231.4Mb, Ppews = 1.19 x 1072 (C) CBEP4, Chromosome 5: 173.1Mb-173.5Mb,
Pimeta = 3.61 x 107°; (D) SLCIA8/NHES, Chromosome 20: 48.2Mb-48.7Mb, Prera = 1.54 x 107%.
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identified as genome-wide significant in the analysis
based on approximate inference. Using the adonis
function from the vegan'® package for R'! and 10°
random permutations of the genotypes, the AF distri-
bution was determined empirically. Comparing P-
Values from DBF test and permutation based test, we
see a large congruency of the results (Table 1). We
could not find any systematic deviations exhibited by
the permutation-free method, as all P-values are in the
same order of magnitude as those obtained from a
classical and widely used permutational approach
(Table 1). This is also made evident by the good con-
cordance of the empirical distribution with the
approximated probability density function obtained
from the DBF test for each of the respective variants
under investigation (Fig. 2). While 10° permutations
only allow to calculate P-values larger than 107, all
variants with P-values below this threshold in the
DBF test showed no permutations with stronger sig-
nals than the actual genotype.

Replication of 42 loci identified in mGWAS

The boundaries of the loci provided in Table 1 in Wang
et al.® were evaluated for their replicability using the DBF
test. The major difference between both approaches is
that the DBF test is based directly on the 8 diversity
matrix, while the previously published approach is based
on the ordination of this distance matrix. For 41 of the 42
loci we obtained a nominally significant P-value
(P < 0.05) at the exact respective position of the lead
SNPs. As mentioned earlier, the SLC9A8 locus on
chromosome 20 shows a genome-wide significant associ-
ation in both analysis strategies (see Table 2). Three more
of the lead SNPs showing significant associations in the
original article have P-values <10~°, and another 5 loci
reached this threshold when considering SNPs in the
neighborhood - using physical boundaries obtained
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from the DEPICT analysis — of the lead SNP of the origi-
nal analysis (see Table 2). Among these loci is one that
spans the BANK1 (B-Cell Scaffold Protein With Ankyrin
Repeats 1; chr4:102901822) gene, which was previously
reported to be associated with IBD'® and which is in line
with the reported loci reaching genome-wide signifi-
cance. One locus on chromosome 8 (rs138022915;
chr8:19885934) covers the LPL (Lipoprotein Lipase)
gene. Gene expression of LPL was shown to be influenced
by the microbiota through altered expression of fasting-
induced adipose factor (Fiaf) in mice. The only lead SNP
not exhibiting a significant P-value < 0.05 is the variant
rs225153 (chr11:8853177), however, within the only
0.94 kb spanning locus another variant reaches at least
nominal  statistical  significance  (chr11:8852400;
Prneta = 2.38 X 1072).

Discussion

The effect of host-genetic variation on the complex
phenotype of g diversity of the intestinal microbiota is
still largely unknown. We could show, that our
adapted method is applicable to microbiome data and
yields results in line with classical permutation
approaches, without the need of doing millions of per-
mutations per variant, as at least 2 x 107 permutations
would be needed to approach the threshold of
genome-wide significance. For a typical data set of
several millions of imputed genetic variants, this num-
ber would easily exceed 10'* necessary permutations.
By applying this new method, the DBF test, to 8
diversity data of 2 independent Northern German
cohorts, consisting of a total of almost 1,800 individu-
als, we could show that variants in genes primarily
involved in immune related functions and inflamma-
tory processes showed an association with changes in
the gut microbial community. While all for loci are
sensible targets with respect to the interactions

Table 1. Comparison of DBF test based [P(DBF)] and permutation based analysis [P(Perm)] of the 4 variants showing significant associa-
tions to changes in B diversity in 2 independent Northern-German cohorts. In the case that none of the permutations resulted in a larger
AF than the actual genotype, P(Perm) is set to <10°. Positions are given as chromosome and position (chr:pos) and are based on the

hg19 version of the human genome annotation.

Focus Popgen
Meta
rsiD chr:pos AF P(DBF) P(Perm) AF P(DBF) P(Perm) P(meta)
1511811788 chr1:173150727 0.0071569 1.08 x 107° <107° 0.0034576 0.035664 0.033779 210 x 1078
1511678791 chr2:231223975 0.0052987 150 x 10° 25x107° 0.0050288 0.00019994 0.000234 119 x 1078
567909753 chr5:173306058 0.0073541 410 x 107° <107° 0.0036817 0.01813936 0.017608 145 x 1078
15113738363 chr20:48449631 0.0073984 582 x 1077 <107° 0.0035011 0.03922766 0.037279 1.54 x 107°
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between host and associated microbes, especially the
SLC9A8/NHES gene locus is an intriguing candidate
for future studies. This is due to its high expression in
goblet cells," its crucial role for mucosal integrity*
and its potential role in selective bacterial adherence.”

The association signal in the TNFSF4 locus and its
role in regulation of cytokines is in line with recent
findings underlining the links of the gut microbiota to
cytokine production.®

Furthermore, 3 of the 4 loci found in our re-analy-
sis are also known to be overlapping with loci associ-
ated to different kinds of chronic inflammatory
disorders, namely Crohn’s disease and psoriasis. Espe-
cially for Crohn’s disease it was proposed, that host-
microbe interactions were, and probably are, a driving
factor in the manifestation of the disorder.'"® More-
over, it was shown, that loci associated with Crohn’s
disease and psoriasis are overlapping to a certain
extent’’ and comorbidities of the 2 diseases are widely
reported.”

Our findings emphasize the role of gut microbes as
potential triggers of these diseases, and possibly addi-
tional chronic disorders.

The observed differences in significance of the
results highlight the difficulties and challenges accom-
panying mbQTL (microbiome quantitative trait) asso-
ciation analyses of, for example, microbial diversity in
connection to host-genetics. The ordination-based
analysis described in Wang et al.® reduces the dimen-
sions of the high-dimensional data to principal coor-
dinates, which has the benefit of removing stochastic
noises and pathways with relatively smaller contribu-
tions, and reveals the most important pathways affect-
ing the major variable patterns of microbial B

diversity, in this case, vitamin-related pathways and
bile-acid related genes centered by VDR. However,
variation not necessarily displayed by the 2 major axes
of the ordination might not be detected by this
method. Thus, the DBF test serves as an addition to
the previously published results on the connection
between B diversity and host-genetics, strengthening
especially the importance of those loci exhibiting
strong to intermediate results in both analyses.

However, while these results are intriguing, they
should mainly serve as a starting point and perspective
for subsequent analyses in larger and hence better
powered cohorts, investigating the genetic effects of
host-microbiota interactions, leading to additional
and potentially more robust signals for the complex
trait of B diversity, overcoming the challenges of small
effect sizes, sensitivity to technical differences and
confounding environmental factors. In a recent
review, Zhernakova and colleagues further discuss the
phenomenon that there is little overlap in the findings
between all the mbQTL studies with more than 1000
samples analyzed published so far, likely because there
were many significant differences between the data
sets and methods that were used.”® In summary, clas-
sical GWAS methodology cannot be used for mbQTL
studies, given the complexity of the trait under study,
and the development of best-practice workflows and
stringent thresholds are in its infancy. As shown in
this study, the DBF test deserves a careful consider-
ation for future studies.
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Abstract
The intestinal microbiome is implicated as an important modulating factor in multiple

2 neurologic,® and neoplastic diseases.* Recent genome-wide association

inflammatory,"
studies yielded inconsistent, underpowered and rarely replicated results such that the role of
human host genetics as a contributing factor to microbiome assembly and structure remains

uncertain."° In a genome-wide association analysis of 8,956 German individuals, we

identified 32 genetic loci to be associated with single bacteria and overall microbiome
composition. Further analyses confirm the identified associations of ABO histo-blood groups
and FUT2 secretor status with Bacteroides and Faecalibacterium. Mendelian randomization
analysis suggests causative and protective effects of gut microbes, with clade-specific and
sometimes contrasting effects on inflammatory bowel disease. This holistic investigative
approach of the host, its genetics, and its associated microbial communities as a
‘metaorganism’ broadens our understanding of disease aetiology and emphasizes the

potential for implementing microbiota in disease treatment and management.

Main

We conducted the largest single country genome-wide association analysis of microbial
traits followed by Mendelian Randomization (MR) analysis to elucidate the genetic link
between humans and their associated microbiota. Our study comprised five independent
cohorts from German biobanks located in Northern Germany (Kiel, Schleswig-Holstein;
PopGen“, n=724; FoCus, n=957), North-Eastern Germany (Greifswald, Mecklenburg-

Western Pomerania; SHIP, n=2,029; SHIP-TREND, n=3,382),'*"® and Southern Germany

(Augsburg, Bavaria; KORA, n=1,864;"*"* see Methods for details).

Baseline comparisons show similarities in anthropometric measures and microbial

community compositions between cohorts (Figure 1, Supplemental Material). Taxonomic
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groups and sequence similarity clusters included in the univariate analysis, henceforth called
microbial features, covered between 98.4% and 98.7% of the whole community at the
phylum level and between 77.8% (PopGen) and 82.6% (SHIP-TREND) at the genus level
across cohorts. These data indicate that the cohorts share a common core microbiota

(cohort-level summaries of microbial features can be found in Supplementary Table S1).

Association analysis was performed for 146 univariate microbial features across different
levels for presence-absence patterns using logistic regression and for 225 features
assessing differential abundances using (generalized) linear models (see Methods). Whole
community multivariate association analysis of genus-level Bray-Curtis dissimilarity and
weighted UniFrac distance' were optimized to decrease computational time (see
Supplemental Material). We combined per-cohort results using inverse-variance weighted
meta-analysis for univariate and sample-size weighted meta-analysis for multivariate
analyses (see Methods). To ensure robustness of results, genome-wide significant results
(Pmeta<5%10®) were reported when supported by nominal significance (p<0.05) in at least two

cohorts.

Accordingly, we reveal a total of 38 associations with microbial features and community
composition involving 32 genomic loci (Table 1, Figure 2A), among which four associations
stem from the multivariate analysis, 17 from the univariate abundance analysis, and 11 from
the presence-absence patterns. The top 10,000 genetic variants for univariate and
multivariate analyses are summarized in Supplementary Tables S2-4. All results can be

queried via the mGWAS results browser (http://52.29.129.36:3838/). Of note, univariate

signals with overlapping genetic loci in all cases are found from the same taxonomic group

at a different taxonomic and/or clustering level.
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Although not meeting the initial inclusion criteria (see Methods), the genus Bifidobacterium
was included in the analysis. Its connection with the lactase gene locus (LCT) on
chromosome 2 is important, as it is the only signal replicating across numerous previous
studies.>®" The meta-analysis shows a clear association peak at LCT with 53 variants
displaying p-values lower than the suggestive p<10® threshold, with the lowest for
rs3820794 (chr2:136505546; puew= 5.62x107; Figure 2B). This is supported by nominally
significant p-values in four of the five cohorts, with only the FoCus cohort showing a p-value
above nominal significance (peocus= 0.069), confirming the association between LCT and

Bifidobacterium and the validity of the herein-used model of choice.

Our obtained genome-wide association results point to immune-mediated interactions of
host and microbiota, e.g. the association detected for OTU99 55 (Barnesiella; OTU:
operational taxonomic unit) and variants in the biliverdin reductase A (BLVRA; rs623108;
Pueta=1.05%10"; Figure 2C) locus. Biliverdin reductase A was previously shown to inhibit
Toll-like receptor 4 (TLR4) gene expression.'® TLR4 is a pattern recognition receptor that
initiates an immune response to bacterial lipopolysaccharides (LPS) present in many Gram-
negative bacteria.'® Barnesiella, which itself is Gram-negative, is negatively associated with
LPS-induced interferon-gamma production, suggesting a contribution of this commensal to

homeostasis by immune- or TLR4-signal-modulation.

We identified two independent univariate associations with a locus surrounding the histo-
blood group ABO system transferase (ABO) gene. One ABO gene signal for differential
abundance includes OTU99_16 belonging to Faecalibacterium  (rs3758348;
chr9:136155000; pMeta=6.16><10'9; Figure 2D), which is accompanied by a second signal
~100kb downstream in the surfeit locus protein 4 (SURF4) gene (chr9:136239399;

Pueta=4.33%x10°). The second ABO association is between rs8176632 allele T and the
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increased prevalence of a Bacteroides OTU (OTU97_27; rs8176632; chr9:136152547;
Pumeta=6.87%107%; Figure 2E). Interestingly, this same Bacteroides OTU is also significantly
associated with variants at the BACH2 (BTB domain and CNC homolog 2) gene locus
(chr6:90978161; pMeta=4.58><10'1°). Moreover, a non-significant association between this
Bacteroides OTU is present for the FUT2 (Galactoside 2-alpha-L-fucosyltransferase 2)
locus, whereby the strongest signal is from the missense variant rs602662 (chr19:49206985;
Pueta=4.46x107), which is in strong linkage disequilibrium (LD) with variant rs601338 (R2 =
0.8898) encoding the FUT2 secretor phenotype. This variant determines whether the
fucosyl-precursor for the ABO blood-group system is synthesized on mucosal surfaces in the
body and secretions. Individuals homozygous for this missense variant do not have the
ABO-encoded antigen on mucosal cells, independent of the ABO allele (i.e. display the non-
secretor phenotype; Figure 3B-D). Variants at FUT2 and BACH2, correlated with
Bacteroides OTU97_27 in this study, were previously shown to be associated with

inflammatory bowel disease (IBD).2™

For a focused evaluation of blood-group dependent associations with microbial features, we
investigated ABO histo-blood group and FUT2 secretor status (see Methods). The
prevalence or abundance of eight taxonomic groups show at least one FDR-corrected
significant association (g<.05) with either ABO histo-blood group alleles, secretor status, or
their interaction (Figure 3A; Supplementary Table S5). These results demonstrate a
positive correlation between non-O blood group and positive secretor status and the
prevalence of the aforementioned Bacteroides OTU97_27 in four of the five cohorts
(Pmeta=3.65%x10"°). Intriguingly, a different Bacteroides branch, represented by OTU97_12,
OTU99_12, and TestASV_13, exhibited significant associations with ABO histo-blood group

status as well, however in this case characterized by an inverse relationship between
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prevalence and non-O blood group alleles (pyea=2.1%10"). Together, these findings suggest

histo-blood group dependent effects on Bacteroides subclades.

In addition, the model points to an association between Faecalibacterium OTU99_16 and the
ABO histo-blood group A allele (pwe=4.7%10°). A significant association between
Holdemanella and ABO is also identified, although the signal is exclusively driven by the
SHIP-TREND cohort with only weak support from the remaining cohorts. Further, FUT2
secretor status is associated with differential abundance of Roseburia OTU97_30,
independent of ABO blood type (Pwea=4.79%x10). In conclusion, the analyses reveal a
specific impact of the human ABO blood groups and secretor status on members of the

intestinal community.

Mendelian randomization (MR) has recently become a popular tool to infer causal
relationships of complex traits in observational data.* MR analysis was performed for all
univariate microbial features as “exposures” and 41 selected binary traits from the MR-Base
database® as outcomes (see Methods). This allows us to assess the causal effect of
microbial features on disease. A total of 17 comparisons reach the per-trait suggestive
threshold of p<1 .22x10%, whereas three traits are below the global FDR correction threshold
g<0.05 (Table 2; Supplementary Table S6), suggesting an influence of microbial features
on either IBD or its sub-entities Crohn’s disease (CD) and ulcerative colitis (UC). For
example, the presence of Prevotella ASV (TestASV_18) appears to significantly protect
against CD development (3=-0.257). Ten out of the 17 suggestive microbial effects on host
traits point to either IBD, CD, or UC. Interestingly, different subgroups belonging to the
genus Bacteroides were either protective for UC (OTU97_12 and OTU99_12, 3=0.310) or
causative for CD (TestASV_12, (3=-1.034). Previous work has revealed Bacteroides-

subgroups and Prevotella as the main determinants of gut enterotypes.”? Significantly
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more CD patients have the Bacteroides 2-, but not the Bacteroides 1-enterotype and virtually
none have the Prevotella-enterotype.”’ These descriptions support our findings of the
contradicting role of Bacteroides species in IBD subgroups. Lower levels of Bacteroides are
associated with IBD development,28 while animal studies demonstrate a colitis induction by
Bacteroides in genetically susceptible mice compared to controls.?® These results once
again emphasize the large variability of Bacteroides taxa in connection to genetics and

disease.

Further results from MR confirm host-microbiome interactions previously described in
observational studies. Parabacteroides show a protective effect on the “Obesity class 2” trait
(B=-0.568), supporting previous experimental observations of Parabacteroides species
alleviating obesity effects in mice.* Interestingly, none of the microbial traits with causal
effects reach genome-wide significance at any locus in the univariate analysis. In addition to
MR, replication of previously associated loci and gene-set enrichment and tissue specificity
analysis was performed using the FUMA web service®' (see Supplemental Material). The
obtained results indicate metabolic interactions between the host and associated microbes

and an enrichment of genes derived from metabolic and inflammatory traits.

Our results highlight the power of combining multiple independent cohorts for genomic
association analyses of microbial features, as they allow for robust and replicable results.
Although a direct influence of ABO histo-blood group and secretor status on the microbiome

32,33
d,”

is debate our results support this interaction, potentially acting as a modulator in

diseases for which variants in histo-blood groups and the microbiome were independently

reported as risk factors,237%®

The suggestive causative role of Bacteroides in patients
genetically susceptible to IBD development is notable, as multiple independent, and

sometimes contrasting, results were previously reported from host-microbe association and
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191

MR analyses. The multifaceted role of Bacteroides in the human gut microbiome is likely
insufficiently captured by 16S rRNA gene amplicon-based surveys and may therefore
require future in-depth strain-level analysis. Nevertheless, our results suggest an important
role of the human ABO histo-blood group antigens as candidates for direct modulation of the

human metaorganism in health and disease.
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Shannon diversity genus-level equivalent and the number of observed genera. (G) Comparison of
relative abundances of phylum- and genus-level taxonomic groups that met the inclusion criteria for
the genome-wide association study in the five analysed German cohorts. Y axis represents the
median abundance of the samples with non-zero abundance of the respective taxa, point size is
relative to the prevalence of the respective taxon in the cohort. Taxa with cohort prevalence below the
inclusion threshold of 20% are displayed as empty circles. The dashed red line represents the
abundance threshold of .5% for inclusion in the analysis. Taxa are arranged from left to right by the
lowest median abundance over all cohorts from high to low. Cohort-level summaries of microbial

features can be found in Supplementary Table S1.
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Red: beta diversity. Regional association plot of: (B) genus Bifidobacterium presence-absence test

with variants in the LCT gene locus. (C) OTU97_55 (Barnesiella) abundance vs. variants at the

biliverdin reductase A (BLVRA) gene locus. (D) OTU99_16 (Faecalibacterium) abundance vs.
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analysis g-value < 0.05. Holdemanella is shown also representing Holdemanella OTU97_33, and Bacteroides
OTU97_12 is shown representing also OTU99 12 and TestASV_13 of the same Bacteroides subclade with
respective identical results. The Y-axes represent the nine models applied, investigating the linear effects of the
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results can be found in Supplementary Table S5. (B) The type II H-antigen on red blood cells (RBCs) is
completed by addition of a fucose sugar by the enzyme Fucosyltransferase 1 (FUT1). Subsequently the A- and

B-antigens are synthesized by addition of N-acetylgalactosamine or galactose, respectively. In individuals with a
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O histo-blood group, no additional sugars can be added to the H-antigen. (C) On secreted proteins and mucosal
cells, the fucosylated type I H-antigen is synthesized by the enzyme Fucosyltransferase 2 (FUT2). In individuals
homozygous for the rs601338-A missense variant in FUT2 — also known as non-secretors — there is no addition
of a fucosyl-group, resulting in no H-antigen. (D) Consequently, no additional sugars are added to the precursor
of the H-antigen in non-secretors, irrespective of the individuals’ histo-blood group genotype at ABO.
Bacteroides OTU97_27 exhibits higher prevalence in individuals with non-O ABO histo-blood groups and

functioning FUT2 as compared to individuals with O histo-blood group or FUT2 non-secretors.
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Online Methods
Cohort description, genotyping and imputation

PopGen: The PopGen cohort is a population-based cohort from the area around Kiel, Schleswig-
Holstein, Germany.11 From this cohort, 1,108 individuals were genotyped using the Affymetrix
Genome-Wide Human SNP Array 6.0 covering 906,600 genetic variants. After the initial QC, the
genotyping data were prepared for imputation following the miQTL cookbook instructions
(https://github.com/alexa-kur/miQTL_cookbook#chapter-2-genotype-imputation). Briefly, this Plink-
based processing script includes steps to prepare variants to be in consistency with the HRC v1.1
reference panel regarding the order of reference and alternative alleles, variant naming and strand
orientation. Finally, all data is converted to VCF files for imputation. Imputation of the autosomal
chromosomes was performed using the Michigan Imputation Server using the Haplotype Reference
Consortium (HRC) release v1.1 from 2016 as reference panel. Eagle v2.3 was chosen as phasing
algorithm and EUR individuals was selected as population for quality control purposes. The process
was started in “Quality Control & Imputation” mode. After downloading the final data, it was converted
to binary plink files. and variants with minor allele frequency < 1% were removed. Faecal samples
were available for 724 of these individuals. Faecal samples were collected by the participants
themselves at their respective home in standard faecal collection tubes and mailed to the study centre
where they were stored at -80°C until processing. DNA from faecal samples (approx. 200 mg) was

extracted using the QIAamp DNA stool mini kit automated on the QlAcube.

Food Chain Plus (FoCus): The FoCus cohort was incepted as part of the competence network Food
Chain Plus (http://www.focus.uni-kiel.de/component/content/article/88.html). This cohort consists of
two parts. One part is a population-registry based cross-sectional cohort including individuals from the
area around Kiel, Schleswig-Holstein, Germany. The second part is an outpatient clinic-based cohort
including obese individuals (BMI > 30) with and without accompanying disease status. For our study,
only the registry-based part of the cohort was included. Cohort participants were genotyped using the
Infinium OmniExpressExome array. Data processing, imputation and sampling of faecal material was

performed in the same way as in the PopGen cohort. Finally, out of 1,583 participants, 957 belonged
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to the population-based part of the cohort and supplied faecal samples. DNA from faecal samples

(approx. 200 mg) was extracted using the QlAamp DNA stool mini kit automated on the QlAcube.

KORA FF4: KORA (Kooperative Gesundheitsforschung in der Region Augsburg) is a population-
based adult cohort study in the Region of Augsburg, Southern Germany, that was initiated in 1984
(https://www.helmholtz-muenchen.de/epi/research/cohorts/kora-cohort/objectives/index.html). For the
second follow-up study (FF4) of baseline study S4 2,279 participants were recruited and the study
was conducted in 2013/2014 mainly focusing on diabetes, cardiovascular disease, lung disease and
links to environmental factors such as the microbiome. Stool-derived DNA samples of 2,136
participants were obtained via the KORA Biobank. The DNA had been extracted using a
guanidinethiocyanat / N-lauroylsarcosine-based buffer” and subsequent clean-up with NucleoSpin
gDNA Clean-up (Macherey-Nagel) for further analysis. Genotyping was performed using the
Affymetrix Axiom array. In total, 1,864 samples with genotyping and 16S rRNA gene survey data were

included in the association analysis.

SHIP and SHIP-TREND: The Study of Health in Pomerania (SHIP) is a longitudinal population-based
cohort study located in the area of West Pomerania (Northeast Germany). It consists of the two
independent cohorts SHIP (n = 4,308; baseline examinations 1997 - 2001) and SHIP-TREND (n =
4,420; baseline examinations 2008 - 2012 with regular follow-up examinations every five years.”
Stool samples have been collected since the second follow-up investigation of the SHIP (SHIP-2,
2008 - 2012) and the baseline examination of the SHIP-TREND cohort. All faecal samples were
collected by the study participants in their home environment, stored in a plastic tube containing
stabilizing EDTA buffer and shipped to the laboratory where DNA isolation (PSP Spin Stool DNA Kit,
Stratec Biomedical AG, Birkenfeld, Germany) was performed as described before.*® For a total of
2,029 and 3,382 samples 16S rRNA gene survey and genotype data were available and included in

the association analysis.
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Written, informed consent was obtained from all study participants in all cohorts, and all protocols
were approved by the institutional ethical review committee in adherence with the Declaration of

Helsinki Principles.

Inference of ABO blood group and secretor status

ABO blood groups were inferred using the phased and imputed genetic data and four variants as
proposed by Paré et al.,® which rs507666, rs687289, rs8176746, rs8176704 encode for the allele A1,
O, B, and A2, respectively. All variants were, depending on the genotyping array used in the
respective cohort, either genotyped by the array or showed very high imputation quality scores
between 98.7% and 99.8%. Additionally, observed allele frequencies were manually compared to
frequencies in public databases to assure highest quality blood group assignments. Secretor status
was assessed by variant rs601338 on chromosome 19. Individuals homozygous for the A allele were
classified as “non-secretor”. This variant was genotyped in all cohorts, except for the PopGen cohort.

Here, the estimated imputation accuracy was 94.6%.

Microbial data generation and processing

Library preparation and sequencing was performed using a standardized protocol at a single wet lab
in Kiel, Germany. DNA amplification by polymerase chain reaction (PCR) of the bacterial 16S rRNA
gene was performed using the 27F/338R primer combination targeting the V1-V2 region of the gene
employing a dual-index strategy to achieve multiplex sequencing of up to 384 samples per
sequencing run. After PCR, product DNA was normalized using the SequalPrep Normalization Ki<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>