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I Zusammenfassung

L Zusammenfassung

In den letzten zwei Dekaden hat die Erforschung des menschlichen und tierischen Mikrobioms
erheblich an Bedeutung gewonnen. Mittlerweile ist es unumstritten, dass Darmbakterien
unverzichtbar fiir die Gesundheit sind, da sie an einer Vielzahl von physiologischen Prozessen
im Organismus beteiligt sind welche sich nicht nur auf das Verdauungssystem beschrianken. So
iibernehmen gastrointestinale Mikroorganismen neben der Verdauung auch Funktionen im
Immunsystem oder beeinflussen Aspekte des menschlichen und tierischen Verhaltens.

Der Begriff Mikrobiom beschreibt die Gesamtheit aller Mikroorganismen sowie deren Gene
und Stoffwechselprodukte in einer abgeschlossenen Lebensgemeinschaft, wihrend das
Mikrobiota sich auf die Zusammensetzung der Mikroorganismen an sich bezieht (Lane-Petter,
1962; Lederberg and McCray, 2001). Im letzten Jahrzehnt hat sich die Forschung auf viele
dieser Lebensgemeinschaften konzentriert, beispielsweise im Boden (Fierer, 2017; Islam et al.,
2020), im Wasser (Sunagawa et al., 2015; Hull et al., 2019), in der Luft (Leung et al., 2014;
Drautz-Moses et al., 2022) oder auf und im menschlichen und tierischen Organismus. Letztere
bezieht sich zum Grofteil auf Mikroorganismen im Verdauungssystem, zum einen da diese eine
Vielzahl an physiologischen Aufgaben iibernehmen, zum anderen da diese iiber fikale Proben
nicht invasiv detektiert werden kdnnen.

Innerhalb der Sdugetiere sind Mikroorganismen insbesondere fiir den Abbau von pflanzlichen
Zellbestandteilen im Darm verantwortlich. Diese bestehen hauptséchlich aus Zellulose, welche
in der Nahrung von herbivoren Tierarten bis zu 28% der Futter-Trockenmasse ausmachen kann
und welche vom Tier aufgrund der fehlenden Zellulase nicht selbststindig abgebaut werden
kann (Choct, 2015). Fiir den Abbau der Zellulose sind zellolytische Mikroorganismen,
beispielsweise Bakterien aus den Familien der Prevotellaceae, Fibrobacteraceae oder
Spirochaetaceae notig (Yatsunenko et al., 2012; Kartzinel et al., 2019; Quercia et al., 2019).
Diese spalten die B-1,4-glykosidischen Bindungen zwischen den D-Glucose Molekiilen und
nutzen die entstandene Glucose fiir den mikrobiellen Stoffwechsel. Als Nebenprodukt werden
kurzkettige Fettsduren wie Acetat oder Butyrat produziert, welche wiederum dem Host-
Organismus als Energiequelle zur Verfiigung stehen (Patterson et al., 2014; Froidurot and
Julliand, 2022).

Neben ihrer Funktion als Energiequelle fiir den Host-Organismus konnen kurzkettige
Fettsduren auch mit dem Immunsystem interagieren. Beispielsweise kann eine verringerte
Butyrat- oder Acetat-Konzentration die Zytokinproduktion von T-Helferzellen verdndern (Bird
et al., 1998) oder auch die Integritdt des Darmepithels verringern (Peng et al., 2007; Maslowski
et al., 2009). Dies zeigt, wie eng das gastrointestinale Mikrobiota auch mit der Regulierung des
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I Zusammenfassung

Immunsystems verkniipft ist. Zusidtzlich kann das Mikrobiom auch verschiedene
Verhaltensweisen direkt oder indirekt beeinflussen. Die chemische Kommunikation beruht bei
verschiedenen Tierarten auf Metaboliten welche direkt vom Mikrobiom produziert werden
(Gorman, 1976). Diese Metabolite enthalten unterschiedliche Informationen iiber den Host-
Organismus wie beispielsweise Alter, Geschlecht oder Fertilitdt und sind somit verantwortlich
fiir das Sozialverhalten der jeweiligen Tierarten (Sin et al., 2012; Theis et al., 2013; Leclaire et
al., 2014). Neben der direkten Rolle in der olfaktorischen Kommunikation zwischen Individuen
beeinflusst das Mikrobiom auch indirekt das Verhalten einzelner Individuen, beispielsweise in
Stresssituationen. Verdnderungen im Mikrobiom wie eine verringerte Diversitidt oder eine
Dysbiose im Verhiltnis zwischen Firmicutes und Bacteroidetes kdnnen die Produktion der
kurzkettigen Fettsduren verdndern. Der Host Organismus reagiert auf diese Verdnderungen
hiufig mit Stress- und Angstzustinden und beeinflusst so das Wohlbefinden des Individuums
(Jiang et al., 2018; Yuan et al., 2021; Malan-Muller et al., 2022).

Die genannten Aspekte, welche liber das Darmmikrobiom beeinflusst werden konnen, sind
auch wichtige Indikatoren im Tier- und Artenschutz. Dieser ist heutzutage aktueller als jemals
zuvor. Wihrend die International Union for Conservation of Nature (IUCN) mehr als 42.100
Tierarten als vom Aussterben bedroht einstuft (IUCN, 2022), hat die Intergovernmental
Science-Policy Platform on Biodiversity and Ecosystem Services (IPBES) in einem
zusammenfassenden Report aus iiber 15.000 Studien deutliche Hinweise fiir ein
fortschreitendes weltweites Massenaussterben vorgelegt (Diaz et al., 2019). Diese Entwicklung
zeigt auch die Dringlichkeit von Erhaltungszuchtprogrammen um den Bestand gefdhrdeter
Arten weitestgehend sicher zu stellen. Die Ausfiihrung dieser liegt bei zoologischen
Einrichtungen, deren Hauptaufgabe unter anderem der Schutz der Artenvielfalt und eine stetige
Kontrolle des Tierwohls sind. Die Mikrobiomforschung bietet hier eine zugéngliche Methode
um den Tier- und Artenschutz nicht invasiv zu unterstiitzen. Es ist bekannt, dass ausgehend von
einer fdkalen Probe mikrobielle Marker detektiert werden konnen, welche zum Beispiel
Aufschliisse iiber den Gesundheitszustand und Reproduktionszyklus der Tiere geben (Weingrill
et al., 2004; Antwis et al., 2019).

Hier liegt auch der Ansatzpunkt dieser Thesis. Um diese eventuell artspezifischen Marker zu
identifizieren und zu charakterisieren, bieten zoologische Einrichtungen eine ideale
Forschungsumgebung. Zum einen ist die Artenvielfalt hier sehr hoch, sodass auch sehr seltene
und stark gefdhrdete Arten in die Studien mit einbezogen werden konnen. Zum anderen kénnen
Arten und Individuen aus verschiedenen Einrichtungen miteinander, oder zu verschiedenen

Zeitpunkten untereinander verglichen werden. Aulerdem sind alle relevanten Metadaten wie
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Alter, Geschlecht, Verwandtschaft oder medizinische Behandlungen dokumentiert und kénnen
zur Auswertung herangezogen werden. Die Ziele dieser Thesis sind demnach zunédchst die
Charakterisierung des Mikrobioms verschiedenster Sdugetierarten um eine Datenbank als
Grundlage fiir die weitere Forschung zu erstellen. Zusitzlich sollen hier auch tagliche
mikrobielle Schwankungen mit einbezogen werden, um eine genauere Beschreibung des
individuellen Mikrobioms zu gewihrleisten und Riickschliisse auf das Sammelschema der
fdkalen Proben zu ziehen. Da die Mikrobiomforschung in Zukunft auch im Freiland
durchgefiihrt werden soll, um auch hier einen Beitrag zum Artenschutz zu liefern, soll
abschlieBend eine Methode entwickelt werden um Host-spezifische Metadaten aus

unbekannten fikalen Proben zu generieren.

Die vorliegende Arbeit in drei Teilstudien gegliedert, die dazu beitragen, das fakale Mikrobiom
verschiedener Arten zu verstehen und Host-spezifische Informationen aus diesem zu erlangen.
In der ersten Studie mit dem Titel ,,Unravelling differences in faecal microbiota stability in
mammals: from highly variable carnivores and consistently stable herbivores* geht es um die
Charakterisierung des fidkalen Mikrobioms von 31 Sdugetierarten. Das Hauptaugenmerk liegt
hier auf einem aussagekréftigen Datensatz von mindestens fiinf Proben pro Tierart aus
mindestens drei verschiedenen Zoos. In erster Linie sind hier die Unterschiede im fakalen
Mikrobiom zwischen karnivoren (Canoidea und Feloidea) und herbivoren (Ruminantia und
Perissodactyla) Arten anhand von 621 Proben aufgezeigt worden. Diese erste Studie zeigt
signifikante Unterschiede im Mikrobiom von karnivoren und herbivoren Tierarten - sowohl in
der mikrobiellen Zusammensetzung als auch in der Diversitét. Das jeweilige Mikrobiota ist in
seiner Zusammensetzung stark an die Erndhrung der jeweiligen Art angepasst. So ist das
karnivore Mikrobiota geprdgt von Protein-abbauenden Bakterienfamilien wie etwa
Fusobacteriaceae und Clostridiaceae. Gleichzeitig ist die mikrobielle Diversitit hier sehr
gering, da das einfache Verdauungssystem dieser Tiere keine spezifischen Anpassungen an die
bakterielle Fermentation bietet. Im Gegensatz hierzu finden sich im herbivoren Mikrobiom
zellolytische  Bakterienfamilien wie z.B. Spirochaetaceae, Oscillospiraceae und
Lachnospiraceae. Im Vergleich zu den karnivoren Vertretern zeigen herbivore Arten eine
signifikant hohere mikrobielle Diversitdt, welche die Anpassung an die morphologisch
komplexeren Verdauungssysteme der Vorder- und Enddarmfermentierer verdeutlicht. Ein
weiteres Ergebnis dieser Publikation ist, dass das Mikrobiota herbivorer Arten deutlich
homogener ist als das der karnivoren Arten. Sowohl die Proben der Ruminantia als auch die der

Perissodactyla bilden deutlich abgegrenzte Cluster. Im Gegensatz hierzu, zeigen die Proben der
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Carnivora eine deutlich hohere Streuung und es ist keine klare Abgrenzung zwischen den
Feloidea und Canoidea zu erkennen. Diese hohe Variabilitit innerhalb der Carnivora wird
neben der Hauptkoordinatenanalyse auch in den hohen Variationskoeffizienten einzelner
Mikroorganismen deutlich. Hierdurch ergeben sich Implikationen fiir das Sammelschema
weiterer Studien. Um die gesamte Variabilitdt im Mikrobiom einer Tierart abzudecken, sind
einzelne Proben wenig aussagekriftig, insbesondere bei der Analyse von karnivoren Tierarten.
Autbauend auf diesen Erkenntnissen beschéftigt sich die zweite Teilstudie ,, Time series cluster
analysis reveals individual assignment of microbiota in captive tiger (Panthera tigris) and
wildebeest (Connochaetes taurinus)” mit den taglichen Oszillationen im fikalen Mikrobiota.
Das Ziel dieser Studie ist es ein Clusterverfahren zu entwickeln mit welchem zwischen
verschiedenen Individuen einer Art differenziert werden kann. Fiir diesen Ansatz sind iiber acht
Tage hinweg Proben von verschiedenen Panthera tigris und Connochaetes taurinus Individuen
gesammelt worden. Um die Fragestellung zu beantworten, sind zwei verschiedene methodische
Ansitze entwickelt worden. Zum einen sind im einfachen Clustering Prozess alle Proben einer
individuellen Zeitreihe separat in die beiden Cluster-Algorithmen - Ward’s Linkage (Ward,
1963) und Community Detection (Newman, 2004) — eingefiigt worden. Zum anderen sind
Proben einer Zeitreihe zundchst mittels dynamischer Zeitnormierung kombiniert und erst im
Anschluss tliber die Cluster-Algorithmen analysiert worden. Die Ergebnisse zeigen, dass sowohl
die Art- als auch die Individuen Erkennung deutlich zuverldssiger funktioniert, wenn zuvor eine
Zeitnormierung angewendet wird. Fiir die Arterkennung ist Ward’s Linkage besser geeignet da
hier beide Arten ein eigenes Cluster bilden. Um zwischen einzelnen Individuen einer Art zu
differenzieren, eignet sich hingegen der Community Detection Algorithmus besser. Durch
diesen konnen Individuen von Panthera tigris etwas besser identifiziert werden als
Connochaetes taurinus Individuen. Zusitzlich konnen in dieser Studie die Bakterienfamilien
bestimmt werden, die fiir die einzelnen Cluster verantwortlich sind. Fiir die Arterkennung sind
dies hauptsdchlich Taxa, welche fiir die Verdauung von pflanzlicher (Spirochaetaceae,
Methanobacteriaceae) oder fleischlicher (Fusobacteriaceae, Clostridiaceae) Nahrung
verantwortlich sind. Im Falle der individuellen Zuordnung handelt es sich um eine Kombination
aus téglich auftretenden sowie individuell spezifischen mikrobiellen Taxa. Beispielsweise
konnen Panthera tigris Individuen anhand der hoch abundanten Prevotellaceae und
Clostridiaceae identifiziert werden. Im Gegensatz hierzu ist eine individuelle Differenzierung
bei Connochaetes taurinus nur anhand von sehr gering abundanten Taxa wie beispielsweise

Acidaminococcaceae und Muribaculaceae erfolgreich.
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In der dritten Teilstudie ist, basierend auf den vorherigen Erkenntnissen, eine Methodik
entwickelt worden, um den Artenschutz in Zukunft auch im Freiland durch
Mikrobiomforschung unterstiitzen zu konnen. Insbesondere die Identifikation des Hosts tiber
dessen fiakales Mikrobiota steht bei dieser Arbeit im Vordergrund. Zunédchst ist {iber eine
Korrelationsanalyse {iberpriift worden, welche Taxa mit der Nahrung (herbivor, karnivor,
omnivor), dem Verdauungssystem (simpel, Wiederkduer, Enddarmfermentierer) und/ oder der
Host-Familie korrelieren. In Bezug auf den Nahrungstyp wird das Ergebnis aus den
vorangegangenen Teilstudien bestétigt, welches besagt, dass das karnivore Mikrobiota positiv
mit Protein-abbauenden und das herbivore Mikrobiota mit zellolytischen Taxa korreliert. In
Anbetracht  der  verschiedenen  Verdauungssysteme  korrelieren  beispielsweise
Ruminococcaceae (R=0,77) mit den Wiederkduern, Spirochaetaceac (R=0,86) mit den
Enddarmfermentierern und Clostridiaceae (R=0,56) mit dem einfachen Verdauungssystem.
Auf Grundlage dieser Ergebnisse ist ein logistisches Regressionsmodel entwickelt worden,
welches in der Lage ist, verschiedene Host-spezifischen Eigenschaften anhand der mikrobiellen
Zusammensetzung einer fakalen Probe vorherzusagen. Im ersten Schritt unterscheidet das
Modell mit einer Genauigkeit von bis zu 99% zwischen karnivorem, herbivorem oder
omnivorem Host. Handelt es sich um einen karnivoren Host, kann im Folgenden mit einer
Genauigkeit von bis zu 96% die Host Familie (Canidae, Felidae, Ursidae, Herpestidae)
vorhergesagt. Bei herbivoren Hosts erreicht das Modell fiir das jeweilige Verdauungssystem
(Wiederkduer, Enddarmfermentierer, einfach) sogar bis zu 100% Genauigkeit. Solche
Modellierungsansétze sind auf dem Gebiet der Mikrobiomforschung sehr vielversprechend, da
sie neue Moglichkeiten bieten, die Analyse mikrobieller Daten mit Host-Metadaten zu
kombinieren. Insbesondere ist dies fiir die Freilandforschung interessant, da die Gewinnung
von Host-spezifischen Informationen aus fakalen Proben sehr aufwindig ist. Gegenwirtig
erfolgt dies in der Regel durch Mikrosatellitenanalysen, die sehr kostenintensiv sind. Eine
weitere Einschrinkung ist die hierfiir notwendige, qualitativ hochwertige Host-DNA, welche
in fakalen Proben zum GroBteil fragmentiert vorliegt. Der in dieser Teilstudie entwickelte
Modellierungsansatz zur Gewinnung moglichst vieler Host-spezifischer Informationen aus der
Zusammensetzung des fakalen Mikrobioms ist kosten- und arbeitseffizienter als herkdémmliche
Ansitze und eréffnet somit ein neues und zugénglicheres Feld fiir die Mikrobiomforschung im

Freiland.



II Summary

II. Summary

Research on the human and animal microbiome has become increasingly important in recent
years. It is now widely accepted the gut microbiome is of crucial importance to health, as it is
involved in a large number of physiological processes. The term ‘microbiome’ refers to the all
living microorganisms including their genes and metabolites in a defined environment, while
the specific composition of microorganisms consisting of bacteria, archaea and protozoa is

referred to as the ‘microbiota’ (Lane-Petter, 1962; Lederberg and McCray, 2001).

In recent years, research has focused on various of these communities in the soil (Fierer, 2017),
water (Sunagawa et al., 2015), air (Leung et al., 2014) and especially in the human gut.
However, this topic is also becoming increasingly relevant for the conservation of endangered
species. In the face of global mass extinctions and the listing of over 42,000 animal species as
‘critically endangered’, conservation breeding programmes are more important than ever (Diaz
et al., 2019; IUCN, 2022). The responsibility for these tasks lies with zoological institutions,
which are dedicated to animal conservation and the continuous monitoring of animal welfare.
Microbiome research offers a non-invasive method to support species conservation. By
analysing faecal samples, microbial markers can be identified that provide important
information about the health status and reproductive cycle of animals (Weingrill et al., 2004;
Antwis et al., 2019). Zoological facilities also provide an ideal research environment for
comparing individuals from different habitats. In addition, all necessary metadata such as age,

sex, kinship or medical treatment are documented and can be used for the analysis.

This is the starting point for this thesis. In order to identify such microbial markers, it is
necessary to understand the microbiome of a variety of animal species. The first aim is therefore
to characterise the faecal microbiota of 31 mammalian species, focusing on herbivores and
carnivores. It could be shown that they differ significantly in terms of both microbial diversity
and microbiota composition. Herbivorous species express a very diverse microbial
composition, consisting mainly of cellulose-degrading taxa of the families Fibrobacteraceae or
Spirochaetaceae. In contrast, the microbiota of carnivorous species is less diverse and is
dominated by protein-degrading Fusobacteriaceae and Clostridiaceae. In addition, this thesis
proves that the microbiota of herbivorous species is highly consistent, whereas the microbiota
of carnivorous species is highly variable. The results of this study provide important insights
for the sampling scheme of future projects. Especially when analysing carnivorous species,

single samples are not sufficient to capture the full variability of the microbiome.
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These results lead to the question of whether this variability can be explained by daily
fluctuations in the individual microbiome and whether this can be used to distinguish between
species or individuals. Using individual longitudinal data and a combined approach of
clustering algorithms and dynamic time warping, it is shown that such a distinction is possible
at the species and individual level. This was confirmed for both a carnivorous (Panthera tigris)
and a herbivorous (Connochaetes taurinus) species. These results confirm the influence of the
host individual on the faecal microbiota, in addition to the often described influence of diet (Ley

et al., 2008a; Kartzinel et al., 2019).

Based on the knowledge gained from these studies, a methodology has been developed that will
enable the conservation of species in the field to be supported by microbiome research in the
future. The focus here lays on the identification of host-specific metadata based on the faecal
microbiota. The developed regression model is able to distinguish between carnivorous,
herbivorous and omnivorous hosts with up to 99% accuracy. In addition, a more accurate
phylogenetic classification of the family (Canidae, Felidae, Ursidae, Herpestidae) can be made
for carnivorous hosts. For herbivorous hosts, the model can predict the respective digestive
system with up to 100% accuracy, distinguishing between ruminants, hindgut fermenters and a
simple digestive system. The acquisition of host-specific metadata from an unknown faecal
sample is an important step towards establishing microbiome research in species conservation.
Field studies in particular will benefit from such new methods. Usually, costly microsatellite
analysis and high-quality host DNA are required to obtain host-specific information from faecal
samples. The newly developed method offers a less costly and labour-intensive alternative to
conventional techniques and opens up a more accessible field for microbiome research in the

field.
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1 Theoretical background

III. Research Project

This section of the thesis provides a comprehensive overview of the research project. Firstly,
the specific objectives and aims of each study are presented, together with the underlying
theoretical framework. This is followed by a detailed description of the methodologies

employed in the research. Finally, the results of the study are outlined and critically examined.

1.  Theoretical background

The term ‘microbiome’ was popularised by the Nobel Laureate Dr Joshua Lederberg in 2001,
who defined the microbiome as a community of microorganisms in a particular habitat
including their genomes and all environmental conditions (Lederberg and McCray, 2001).
Although the term was used in a similar context in 1988 (Whipps et al.), Lederberg’s definition
is the one that has underpinned the development of microbiome research since 2001.
Simultaneously the term ‘microbiota’, common in microbiology since the 1960s (Lane-Petter,
1962), has come to the fore again. This term refers to the organisms living within a microbiome,

including bacteria, archaea, viruses, fungi and protists.

It was the development of next-generation sequencing (NGS) methods during this period that
led to the breakthrough in microbiome research in the 2000s. Until then, Sanger’s chain
termination method (Sanger and Coulson, 1975) was the only technique for DNA sequencing.
Although automated methods were available to replace the gel electrophoresis step, such as the
ABI Prism (Applied Biosystems®, Massachusetts, USA), the costs of sequencing a genome
was extremely high. When the first human draft genome was sequenced in 2001 using this
method, the total cost of the research project was around $3 billion (Venter et al., 2001). With
the development of second-generation sequencing methods in 2005 and 2006, the costs of
sequencing fell dramatically, outpacing Moore's law in early 2008, reducing the costs of a
human genome to around $50,000 in 2010 (Wetterstrand, 2023). One of the sequencing
companies speeding up DNA sequencing was [llumina® Incorporation. The main advantages
over first-generation sequencing is the ability to sequence millions of DNA fragments (reads)
simultaneously. This method is based on bridge amplification, followed by sequencing by
synthesis, where fluorescence-labelled nucleotides are directly detected as they are incorporated
into the DNA (Figure 3). Especially for short DNA fragments, e.g. for 16S amplicons, this
method has become the most widely used and has been improved since then (Fadrosh et al.,
2014; Sinclair et al., 2015; Pichler et al., 2018). Today, the cost of sequencing a genome is

approaching $1,000, which has been made possible largely by the third-generation sequencing
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methods (Wetterstrand, 2023). Since 2011, Pacific Biosciences Inc. and, since 2015, Oxford
Nanopore Technologies plc have developed new sequencing methods that enable single-
molecule real-time sequencing (SMRT), which means that long DNA fragments up to complete
genomes can be sequenced in one run without a PCR step. With the Minlon, Nanopore has
developed a sequencer that requires very little work in the laboratory and, thanks to its

portability, can also be used for field applications.

1.1. Relevance of microbiome research

In the context of the Sustainable Development Goals (SDG) set by the United Nations General
Assembly in 2015, microbiome research can contribute to many aspects of human and
ecosystem health (D'Hondt et al., 2021). Firstly, the link between the gut microbiome and the
human or animal health is well described. In particular, a balanced diet rich in complex
carbohydrates and unsaturated fatty acids, commonly referred to as the Mediterranean diet, has
a positive impact on the gut microbiome. Consumption of whole plant materials promotes the
growth of fibre-digesting bacteria (Grundy et al., 2016). The most important products of this
microbial fermentation are short-chain fatty acids (SCFAs), such as acetate, propionate and
butyrate, which serve as an energy source for colonocytes (Cummings, 1981; Rérat et al., 1987;
Sunvold et al., 1995). In contrast, the production of SCFAs is significantly reduced following
a high-fat westernised diet (David et al., 2014; Ojo et al., 2016). This may also negatively affect
the permeability of the intestinal barrier, as SCFAs are involved in the production of mucin and
various tight junction proteins necessary for barrier function (Lam et al., 2012; Maffeis et al.,
2016). A damaged gut barrier allows microbial products such as endotoxins and neuroactive
substances (serotonin, kynurenine) to enter the bloodstream (Griffiths et al., 2004; Lyte, 2011;
Barrett et al., 2012). Furthermore, these substances can damage the blood-brain barrier, leading
to hippocampal dysfunctions (Kanoski et al., 2010; Freeman and Granholm, 2012). Therefore,
not only gastrointestinal diseases such as inflammatory bowel disease are linked to the gut
microbiota (Lucke et al., 2006, Wexler, 2007), but also neurodegenerative diseases such as
Alzheimer's disease, anxiety or depression can be affected by gut microbes (Widner et al., 2000;

Gulaj et al., 2010; Lach et al., 2018; Peirce and Alvifia, 2019; Arora et al., 2020).

Secondly, microbiome research can help improve food supply chains by promoting animal
health and a sustainable agriculture. In particular, pre- and probiotics are often used in animal
production either to support animal health or to improve animal production (Lalles et al., 2007;

Heo et al., 2013; Stanley et al., 2016; Roselli et al., 2017; Maki et al., 2019; Du et al., 2020;
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Marmion et al., 2021). Another emerging aspect is the methane production in dairy cows, which
is also influenced by the individual’s microbiome (Roehe et al., 2016; Difford et al., 2018). In
addition to the animal microbiome, the soil and root microbiome are also important factors in
agricultural research. Due to the intensification of agriculture with synthetic fertilisers, soil
erosion and biodiversity loss, the need for biofertilisation is increasing (Matson et al., 1997;
Vitousek et al., 1997; Stoate et al., 2001). Many studies have shown that biofertilisers are able
to increase soil bacterial diversity and thereby creating an unfavourable environment for plant
pathogens (Garbeva et al., 2004; Dey et al., 2012; Qiu et al., 2012). In the rhizosphere, the soil
microbiome directly interacts with the plant root microbiome, which is necessary for stress
tolerance and pathogen protection (Berendsen et al., 2012; Bulgarelli et al., 2015). Therefore,
increasing soil diversity positively affects the root microbiome, which is important for plant

growth and crop yield.

Thirdly, microbiome research can contribute to the goal of a clean environment. Wastewater
treatment is an important contributor and especially during the COVID-19 pandemic,
microbiome surveillance of wastewater was used to detect viral mutations within cities or
communities (Gallardo-Escérate et al., 2021; Brumfield et al., 2022). But it's not just the
pandemic that has brought the wastewater microbiome into focus. More generally, wastewater
treatment plants are seen as a source of antibiotic-resistant bacteria and antibiotic resistance
genes, which can be identified using certain microbiome research approaches (Buelow et al.,

2018; Leroy-Freitas et al., 2022).

Lastly, besides human health, food supply and a clean environment, the preservation of
biodiversity is another major goal of the SDG’s. Over 42,100 animal species are in danger of
extinction, which makes captive breeding programs essential for species conservation (IUCN,
2022). As previously mentioned, the gut microbiome is closely related to the host health status
— also in animals. To improve the reproductive success and animal welfare in captivity,
microbiome analysis is a very useful tool. Although much research has been conducted in the
field of animal microbiomes, this was mainly done on farm animals due to their importance in
agriculture (Snelling et al., 2019; Wang et al., 2019; O'Hara et al., 2020). Rather less is known
on the gut microbiota of threatened species, even if some faecal microbiomes are characterized
in single studies on e.g. Sarcophilus harrisii (Cheng et al., 2015), Apteryx mantelli (San Juan
et al., 2021) or Ailurus fulgens (Kong et al., 2014). This requires a large database of species-
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specific microbiome reference data to rapidly detect deviations that may cause disease or

change in behaviour.

1.2. Role of host related factors

Not only is the microbiota closely linked to the health status of the host, but also do other host-
specific factors influence the gut microbiome, such as age, phylogenetic relationship and the
host’s diet. The microbiome of all mammals is shaped twice by age, once in the first year of
life and again in the senior stage of life. New-borns rapidly come into contact with a wide
variety of microorganisms, leading to rapid colonisation of their gastrointestinal system. This
is characterised by a steady increase in alpha diversity with a change in microbial composition,
when the juvenile is no longer weaned and starts to eat solid food (Jami et al., 2013; Guzman
et al., 2016; Guevarra et al., 2019; Wang et al., 2019). During this period, the microorganisms
switch from simple to complex carbohydrate digestion, enriched production of SCFAs and
amino acid biosynthesis (Derrien et al., 2019). The elderly life stage in mammals is associated
with a reduction in gut microbial diversity and SCFA production (Gavini et al., 2001; Dougal
et al., 2014; Pellanda et al., 2021). This shift is mainly observed in the Firmicutes to
Bacteroidetes ratio in favour of Firmicutes (Woodmansey et al., 2004; Mariat et al., 2009).
Another factor that shapes the microbiome is the host phylogeny. This relationship between the
host phylogeny and the associated microbiome is known as phylosymbiosis (Lim and
Bordenstein, 2020). In recent years, phylosymbiosis has been described for a variety of animal
groups spanning the entire tree of life, from sponges (Easson and Thacker, 2014) to birds
(Trevelline et al., 2020) and various mammals, including primates (Ochman et al., 2010). These
findings show that the closer the host species are related, such as species within the same genera,
the more similar their microbiota are (Li et al., 2018; Knowles et al., 2019). This co-evolution
of gut microbes and host species could be driven by different factors such as different dietary
(Ley et al., 2008a), geographical (Moeller et al., 2017) or ecological preferences (Grieneisen et
al., 2019).

In addition to phylogeny, diet stands out as another important factor influencing both the gut
and faecal microbiome. Of particular note is the role of dietary fibre, which is derived from
carbohydrate intake and metabolised into SCFAs by gut microbes (O'Keefe, 2019). As
explained in the previous section, a diet characterized low in fat but high in carbohydrate has a
positive impact on the human gut microbiota. The influence of diet is further supported by the

remarkable adaptability of the human microbiota, which can rapidly adapt to both plant-based
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and meat-based diets within 24 hours. This adaptability triggers changes in the composition of
the microbiota, resulting in changes in the products of carbohydrate and amino acid
fermentation (Wu et al., 2011; David et al., 2014). This adaptability to a different diet has also
been described in animals. The composition and diversity of the microbiota is strongly
influenced by a herbivorous, carnivorous or omnivorous diet, favouring microbial taxa that can
best degrade the respective nutrient inputs (Ley et al., 2008a; Muegge et al., 2011; Youngblut
et al., 2019).

1.3. Role of microbes in carnivore and herbivore digestion

The evolution of the different digestive systems dates back to the first appearance of mammals
in the Late Triassic about 200 million years ago (Lillegraven et al., 1979). Unable to compete
with the dominant reptiles, their rise was characterised by endothermy, which allowed them to
feed nocturnally (Crompton, 1980). There is increasing evidence that these first mammals were
carnivores and that carnivory may have been the most ancestral state in animals for more than
800 million years (Vermeij and Lindberg, 2000; Roman-Palacios et al., 2019). The digestive
system of the 284 known Carnivora species is short and not very complex. As shown in Figure
1A, it consists of a simple stomach followed by a short intestine, a reduced colon and a small
cecum (Stevens and Hume, 1995). Despite being hindgut fermenters, meaning that the highest
microbial density and fermentation occurs in the large intestine, carnivores show only modest
adaptations to microbial fermentation (Mackie, 2002; Suchodolski et al., 2008). This adaptation
reflects their specialised dietary needs, such as low glucose requirements and the efficient
processing of protein-rich food (Buffington, 2008; Verbrugghe et al., 2012). Accordingly, the
carnivore microbiota consists mainly of bacterial taxa associated with this diet. For example,
Fusobacterium and Clostridium are able to utilise ingested amino acids to produce the SFCAs
acetate and butyrate (Olsen, 2014; Dahlstrand Rudin et al., 2021) and are therefore common
inhabitants of the carnivore gut microbiota (Smith and Macfarlane, 1998; Vital et al., 2015;
Milani et al., 2020).

Herbivory first evolved about 55 million years ago, with the first herbivores being small hindgut
fermenting rodents with a limited intestinal capacity (Romer, 1966). Hindgut fermentation then
evolved in the perissodactyls with modern specifications, e.g. in horses, tapirs or rhinos (Janis,
1976). Like carnivores, hindgut fermenters have a simple stomach (Figure 1B). In order to
extract sufficient energy from the plant biomass, food retention time is extended by an enlarged

intestine and cecum.

12



I Research Project
1 Theoretical background

A) Simple B) Hindgut fermenting C) Foregut Ruminant
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Figure 1: Comparison of the simple, hindgut fermenting and foregut ruminant digestive system. A) shows
the monogastric digestive system of carnivores, characterized by a short and simple intestine and colon. B) shows
the hindgut fermentative digestive system, which is common in e.g. Equidae species. Here, the microbial
fermentation takes place in the enlarged cecum and hindgut, the monogastric stomach is similar to that of
carnivores. C) shows the gastrointestinal system of ruminants. Microbial fermentation takes place in the highly
compartmented stomach, particularly in the rumen. The figure is modified according to (Stevens and Hume, 1995).

As mammals are unable to break down cellulose, herbivores depend on a symbiosis with
microorganisms that digest the plant material. In the case of hindgut fermenters, the main
microbial fermentation takes place in the proximal cecum (Stevens and Hume, 1995). Some of
the microbial fibre fermenters are Prevotellaceae or Spirochaetaceae species (Yatsunenko et al.,
2012; Kartzinel et al., 2019; Quercia et al., 2019). Furthermore, Fibrobacter succinogenes plays
an important role in the hindgut fermentation by degrading monosaccharides, glycosides and

plant cell wall components.

The other prominent form of herbivory is the ruminant digestive system (Figure 1C). The
expansion and compartmentalisation of the stomach first evolved in the Oligocene, about 38
million years ago, as the climate became drier. In order to adapt to this new environment,
retention time is further increased and the ruminant process makes the nutrients more accessible
(Gordon and Illius, 1994; Stevens and Hume, 1995). The first ruminants were the Camelidae.
Other ruminants, such as the Bovidae, first evolved 38 million years ago (Janis, 1976). Unlike
monogastrics, ruminants have a compartmentalised stomach consisting of the rumen, reticulum,
omasum and abomasum. As shown in Figure 1B and Figure 1C, the large intestine is
comparable to the hindgut fermenters while the cecum is much reduced in size (Mitchell, 1905;
Douglas, 2018). The rumen is the main site of microbial fermentation. Here, cellolytic and
amylolytic bacteria such as Bacillus succinogenes and Ruminococcus spp produce SCFAs as
formate, acetate and succinate. Methanobacteriaceae are also important in the digestive process
of ruminants as they use CO2 and Hz to produce methane. This mechanism is essential to prevent
an increase in the partial pressure of H> in the rumen and to maintain constant environmental
conditions for microbial digestive enzymes (Balch et al., 1979; Morgavi et al., 2010; Delzenne

and Cani, 2011; Patra et al., 2017).
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The evolution of the different digestive systems is accompanied by the adaptation of different
gut and faecal microbial symbionts. These differ in their composition, diversity and functional
profile based on the respective host gut morphology and dietary specializations (Ley et al.,

2008a; Muegge et al., 2011; Nishida and Ochman, 2018).

1.4. Microbiome analyses as a tool for animal welfare in zoos

In animal conservation, microbiome research has emerged as a new aspect of understanding
and improving the well-being of animals. Over the past decade, research has shed light on the
relationship between the gut microbiome and various facets of animal health and behaviour in
the context of zoo environments. For example, stress which may occur in captivity (Morgan
and Tromborg, 2007; Mason, 2010) can alter the gut microbiome (Madden et al., 2022).
Furthermore, the microbiome can also affect the reproductive success, as some microbial genera
are highly correlated with specific hormones, such as progestogen, which is important for
pregnancy (Antwis et al., 2019). Reproductive success may also be influenced by diet, as some
phytoestrogens in commonly fed alfalfa may lead to low reproductive rates because the
microbiota may not be able to digest these metabolites (Tubbs et al., 2016; Tubbs et al., 2020).
Another important aspect of animal conservation is the reintroduction of certain animal species.
It is unclear to what extent the microbiomes of captive and wild animals differ from one another.
Some studies have reported a decrease in diversity in Equus caballus (Metcalf et al., 2017) or
Vombatus ursinus (Eisenhofer et al., 2021), while others have found no differences or even a
higher microbial diversity in zoo-housed Mirounga leonine and Hydrurga leptonyx (Nelson et
al., 2013), Diceros bicornis (Gibson et al., 2019), Papio kindae and Papio ursinus (Tsukayama
et al., 2018) and different species within the Giraffidae and Bovidae (McKenzie et al., 2017).
Nevertheless, it is important to consider the microbiome of wild populations before releasing
captive individuals. Due to habitat fragmentation, the microbiome of wild species may have
adapted to the new environment, for example, red colobus monkeys have lost the ability to
detoxify plant xenobiotics (Barelli et al., 2015). Therefore, it is necessary to ensure that captive

individuals are able to cope with the environment prior to release.

Overall, microbiome research has great potential in animal conservation, mainly because it is a
non-invasive tool to assess the health status of the host in terms of stress, disease and even
fertility. Faecal samples are easy to collect and, with ongoing advances in sequencing methods,
this approach is also cost effective. The fundamental requirement for microbiome research as

an animal welfare tool, is a complex and well-curated database of information on the
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composition and diversity of the microbiome in a variety of species. This should include as
many individuals as possible of a given species and, in the best case, individual longitudinal
data to capture normal variation in the microbiota. Zoos provide an ideal environment for this
research for two reasons. First, they house a variety of species, including rare and endangered
species where faecal sampling is easily integrated into the keepers’ daily cleaning routine.
Second, zoos provide a variety of sample metadata information such as age, sex, pedigree,
medical treatments and feeding protocols. All of these factors can be used to establish a species-

specific microbiota profile from which individual deviations can be easily detected.

1.5. Research questions and scope of the studies

The aim of this thesis is to lay the foundations for a microbiome database for a wide range of
animal species. In order to achieve this, the first step is to characterise the faecal microbiota of
a number of mammalian species kept in zoos in terms of their composition and diversity. The
focus lays on comparing herbivores and carnivores, as diet is one of the most important factors
influencing the faecal microbiome (Ley et al., 2008a). The second step involves analysing the
microbiota of different individuals, including the daily oscillations that make longitudinal data
necessary for future studies. Finally, to make this research accessible in the field and
transferable to wildlife, a method is developed to identify host-specific metadata from the

microbial composition of an unknown faecal sample.

1.5.1.Publication A: Unravelling differences in faecal microbiota stability in mammals:

from highly variable carnivores and consistently stable herbivores

Microbiome research has gained considerable popularity in the last decade, but studies on
animals have largely been carried out on livestock to increase food production. Studies on
exotic or endangered species are rare, focusing mainly on popular species such as Phascolarctos
cinereus (Alfano et al., 2015; Brice et al., 2019) or Diceros bicornis (Gibson et al., 2019;
Burnham et al., 2023). In addition, two different sampling strategies have typically been used,
either analysing many samples of one species or a few samples of many species (Youngblut et
al., 2019; Milani et al., 2020). To create a reliable database of microbiome data, this first study
analyses faecal samples from 31 mammalian species. The first aim is to characterise the
differences in the microbial composition of Canoidea, Feloidea, Ruminantia and Perissodactyla

and to apply an indicator family analysis. Second, the microbial diversity within this groups is

15



I Research Project
1 Theoretical background

calculated. Third, the variation of the main bacterial families is analysed by calculating the
coefficient of variation. This variation is important to have in mind when the number of samples
per species is under consideration. Overall, this first study aims to provide data from different
species that can be used to build a faecal microbiome database, focusing on dietary differences

between carnivores and herbivores.

1.5.2.Publication B: Time series cluster analysis reveals individual assignment of

microbiota in captive tiger (Panthera tigris) and wildebeest (Connochaetes taurinus)

Beyond the simple characterisation of the faecal microbiota, there are few studies describing
the natural variation of an animal’s microbiota. Most of the longitudinal studies focus on either
dietary changes (Lyu et al., 2018; Butowski et al., 2019), juvenile development (Guevarra et
al., 2019; Wang et al., 2019; Amin and Seifert, 2021) or disease progression and treatment
(Mamun et al., 2020; Ayoub et al., 2022), mainly in farm animals. Therefore, this second study
concentrates on the natural oscillations in the microbiota of a herbivorous (Connochaetes
taurinus) and a carnivorous (Panthera tigris) host species. The main research questions to be
answered here are whether there are species- or individual-specific oscillations in the faecal
microbiota and which microbial taxa are mainly responsible for these. Additionally, the results
of Publication A are further investigated to determine whether, for example, the high
variability in the microbiome of carnivores is species- or individual-specific. Therefore, this
study applies two approaches. First, each sample of a time series is analysed individually using
two clustering algorithms. Second, the time series data per individual are merged by dynamic
time warping prior to clustering. Finally, the respective cluster-specific taxa are identified to

infer a species- and individual-specific microbiota.

1.5.3. Manuscript C: Development and evaluation of an ensemble model to identify

host-related metadata from fecal microbiota of zoo-housed mammals

The complex interplay of diet, digestive system (simple, hindgut, ruminant) and host species,
with a focus on phylosymbiosis, are considered to be key factors influencing the composition
of the faecal microbiota (Ley et al., 2008a; Muegge et al., 2011; Nishida and Ochman, 2018).
Manuscript C aims to first investigate the correlation between microbial taxa and these three
factors using faecal samples from 14 species. In a next step, these correlations are used to

compute a regression model that predicts host-specific metadata from a given microbiota
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composition at the three levels of diet, digestive system and host family. The overall goal of
this manuscript is to open up new opportunities in microbiome research, especially for field
studies. As it is difficult to obtain host-specific metadata in the field, it would be a great
advantage if these could be obtained from faecal samples. The combination of microbiome
analysis and host metadata offers a cost-effective alternative to conventional, resource-intensive
microsatellite analysis and represents a promising approach for future research and

conservation efforts.

2. Methods

This section of the thesis provides an overview of the sampling and sequencing procedure and
the applied research methods. Within this context, the calculation of diversity measurements,
cluster analysis and regression model development are described by the use of different

statistical methods.

2.1 Faecal Sample collection

A total of 669 faecal samples were collected in 20 German zoos. This includes 31 mammalian
host species from the three orders Perissodactyla, Artiodactyla and Carnivora. Within the
Artiodactyla, the focus of the studies lies on the suborder of Ruminantia and, within the

Carnivora, on the two suborders of Canoidea and Feloidea (Figure 2).
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Figure 2: Phylogenetic tree of all analysed host species. The (sub-)order of each species that is analysed in this
thesis is indicated by the line on the right dividing the dataset into four clades. The letters in brackets highlight the
publication in which a species is analysed. The tree is generated using TimeTree (Kumar et al., 2022) and the

implemented hierarchical average linkage method to estimate species divergence times.

From this total dataset, partially overlapping data subsets were created for the three studies.

Regarding the different research questions, those subsets contain either a large variety of host

species (Publication A, Manuscript C) or focus on a few host species but on different individuals

within these (Publication B) (Table 1).

Table 1: Subsets of the total dataset used for each publication. The number of host species, zoos, and faecal
samples for the three publications/manuscript is given in the columns.

Publication/ Number of host species Number of zoos Number of samples
Manuscript

A 31 20 621

B 2 5 95

C 14 17 525
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The sampling procedure was carried out by the zoo keepers non-invasively during the daily
enclosure cleaning. Where possible, sampling of individual animals was preferred, otherwise
as many samples as there were individuals in the enclosure were taken. Faecal samples were
collected in sterile 2mL cryotubes and were stored in liquid nitrogen as soon as possible.
Subsequent sample processing was performed by StarSeq GmbH in Mainz, Germany. Here, all
samples were homogenised in a Precellys® Evolution Homogenizer (Bertin Instruments,
Rockville, USA) before DNA extraction was performed applying the QIAmp® PowerFaecal
DNA kit (Qiagen, Hilden, Germany) and the DNA concentration was measured by NanoDrop
spectrophotometer (Thermofisher, Massachusetts, USA).

2.2 16S rRNA gene

The 16S rRNA (rrs) gene is located on the 77n locus along with the 23S (/) and 58S (rrf) genes
(Pace, 1973; Bram et al., 1980). This gene is commonly used for microbial taxa identification
because it meets all the requirements for a reliable marker gene. First, it is ubiquitous in
prokaryotic organisms and occurs in high copy numbers because it forms the 30S subunit of
prokaryotic ribosomes together with other proteins and therefore is essential in protein
metabolism (Fogel et al., 1999; Klappenbach et al., 2001; Rossello-Mora, 2001). Second, its
evolutionary rate is low and it is little affected by horizontal gene transfer and external
environmental factors (Jain et al., 1999; Daubin et al., 2003; Pontes et al., 2007). Third, the 16S
rRNA gene contains both, highly conserved and highly variable regions. With a total length of
about 1,500bp, it consists of nine highly variable regions (V1-V9) suitable for taxa
identification. Those variable regions are interspaced by conserved regions which are used as
primer binding sites (Brosius et al., 1978; van de Peer et al., 1996; Janda and Abbott, 2007;
Kim et al., 2011). For this thesis, a combination of the V3 and V4 region was used, because this
is known to exhibit the highest nucleotide diversity. Within the nine variable regions, the V4
region is more conserved because it interacts directly with the tRNA in the translational process
than the faster evolving V3 region (Schluenzen et al., 2000; Morosyuk et al., 2001). This
enables both, the detection of higher-level taxa as well as the identification on family or genus

level (Bukin et al., 2019).
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2.3 Illumina® sequencing of the 16S rRNA gene

[Mlumina® sequencing is a next-generation sequencing method that allows high-throughput
sequencing of many parallel samples. Sequencing is performed on a flow cell to which different

oligopeptides (forward and reverse primers) are attached (Figure 3).

In a first step, the DNA is sheared into small fragments. Next, different sequencing adapters,
indices and sequencing binding sites are added to both ends. These DNA amplicons then bind
to the complementary primer on the flow cell. The DNA polymerase then binds to the target
sequence and synthesises the complementary strand. The resulting double strand is denatured
and the template is discarded. The second step is bridge amplification. The resulting single
strand overlaps and hybridises with a complementary primer on the flow cell. Again, the

polymerase synthesises the complementary strand, resulting in two single strands bound to the

flow cell.
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Figure 3: [llumina® sequencing workflow. Amplified DNA fragments from the V3-V4 region of 16S rRNA are
attached to the flow cell by complementary primer pairs. The strands overlap, forming a bridge to free primers on
the flow cell. The DNA polymerase then binds and constructs the complementary DNA strand. This process is
repeated until millions of DNA clusters are formed on the flow cell. Fluorescent nucleotides are then added, which
emit specific light signals when they bind to the template sequence. These signals are captured by a camera and
the resulting DNA sequence is stored. Figure created according to Lu et al. 2016.

This process of bridge amplification is repeated until millions of sequence clusters are generated
across the flow cell. The third step is the sequencing by synthesis of the forward and reverse
strands. The reverse strands are washed away, the 3' ends of the forward reads are blocked and
the sequencing primer binds to the adapter region. The key components of this sequencing
method are fluorescent nucleotides that emit a nucleotide-specific light signal when they bind
to the template sequence. The wavelength and intensity of the emitted light is captured by a
camera for each cluster and the corresponding nucleotide is determined. Once the forward read
has been sequenced, it is discarded and the blocked 3' end is released. The bridge amplification

is then repeated to produce the reverse reads (Illumina Inc, 2010; Lu et al., 2016).
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For this research, DNA extraction, library preparation and Illumina® sequencing were
outsourced to StarSeq GmbH in Mainz, Germany. Here, a dual-index strategy for sequencing
the V3-V4 region of the 16S rRNA gene was used, following the protocol described in
(Caporaso et al., 2012) with slight modifications. Amplicon amplification was performed in a
single-step PCR with 33 cycles, using the primer combination 341f and 806b (Takahashi et al.,
2014; Apprill et al., 2015). The final library was then sequenced on the Illumina® MiSeq
platform in paired-end mode at 300bp each, a sequencing depth of 100,000 reads and a 25%
PhiX control library for quality control purposes.

2.4 Data analyses

Demultiplexed, paired-end reads are generated by StarSeq GmbH. The following pre-
processing is applied to each of the three datasets prior to the in-depth analysis. All samples are
processed following the Qiime2 pipeline (Bolyen et al., 2019). In a first step, quality filtering
and amplicon sequence variant (ASV) calling is applied using the integrated DADA?2 plugin
(Callahan et al., 2016). During the creation of FastQ files, phred scores (Q) are calculated for
each nucleotide in a read with the following formula (Ewing et al., 1998):
Q = —10 * logy0(p)

p is the probability that a nucleotide was sequenced incorrectly. A phred score of Q=30
therefore has a 1:1000 chance that this nucleotide was misidentified. The read quality usually
drops towards the end of the reads due to emission interferences during the sequencing process.
Those occur when some molecules per cluster fail to bind a nucleotide during a cycle. Due to
the resulting asynchrony within the cluster, different light signals are released at the same time.
Towards the end of the read, these interferences accumulate, reducing the quality of the read

(Schirmer et al., 2015).

2.4.1 Read pre-processing and taxonomic classification

The first step in pre-processing is the read quality trimming implemented in the DADA2 plugin.
Reads with a base quality below 20 are trimmed off from their ends. In a second step, DADA2
performs a dereplication of the read-set using a modified divisive portioning algorithm (Rosen
et al.,, 2012). This involves grouping reads with the same nucleotide sequence into a centre
sequence, including abundance information. All reads are then compared to the centre
sequences and nucleotide deviations are calculated. This information, together with the type of

mismatch, is used to compute and train a dataset-specific error model. In a third step, the reads
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are denoised using the divisive amplicon denoising algorithm, which is based on the previously
trained error model (Callahan et al., 2016). This algorithm calculates the probability that an
ASV is too frequent to be explained by sequencing errors. Singletons are also discarded. In a
fourth step, paired-end reads are merged with a Needleman-Wunsch sequence alignment
(Needleman and Wunsch, 1970) and a minimum overlap of 12 nucleotides. Finally, ASV’s that

occur less than 10 times and chimeric sequences are removed.

The remaining high-quality reads are then used for taxonomic classification. Here, a pre-trained
naive Bayes classifier (Bokulich et al., 2018; Robeson et al., 2020) is applied to compare the
dataset to the SILVA 138 full-length database (Quast et al., 2013). Subsequently, chloroplast

and mitochondrial sequences are removed from the dataset.

2.4.2 Alpha and beta diversity analysis

To calculate alpha and beta diversity measures, the filtered reads are aligned to create a
phylogenetic tree for subsequent diversity measurements. This is done with the tool mafft
(Katoh et al., 2002), which performs a de novo multiple sequence alignment on the dataset. The
aligned sequences are then the input data for FastTree (Price et al., 2010) to create a
phylogenetic tree of all taxa being present in the samples. This tool works with a heuristic
neighbour joining approach, an agglomerative clustering method, to create a rough tree and
improves this by likelihood rearrangements. The distances between sequences are estimated by
the Jukes Cantor nucleotide model (Jukes and Cantor, 2013).

Alpha diversity is a measurement to describe the microbial diversity within a sample. In order
to compensate for fluctuations in the sequencing depth and not to discard any samples, a
multiple rarefaction is performed to the read count of the smallest sample per dataset.
Subsequently the Shannon index and effective number of species (ENS) are calculated. The
Shannon index is a quantitative diversity measurement that relies on the species abundances. It

is calculated with the following formula:

H= _Z(pi * In(p;))

In this formula, s is the number of microbial taxa and p; the relative abundance of taxon i. High
values indicate greater diversity within a sample and vice versa. H=0 is the minimum value and
indicates that a sample only consists of one taxon. The Shannon index reaches its maximum

when all taxa are represented equally.
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Additionally, the ENS is calculated for each sample. This measurement aims to identify the
number of equally-common taxa within a sample (Jost, 2006). To convert the Shannon index

to the ENS, the following formula is applied:
ENS = exp(H)

The resulting data is statistically tested in R version 3.4.1 (R core Team, 2020) applying the
packages vegan (Jari Oksanen et al., 2012) and FSA (Ogle et al., 2020). To test for normal
distribution, the Shapiro-Wilk test (Shapiro and Wilk, 1965) is used. Furthermore, differences
between metadata categories are analysed with the Kruskal-Wallis test (Kruskal and Wallis,

1952) followed by a Dunn’s test with Bonferroni correction (Dunn, 1964).

While the previously described alpha diversity only refers to one sample, beta diversity
describes the similarity between all samples. Therefore, this metric relies on a distance matrix.
In this case, this has been calculated on the qualitative unweighted (u) and quantitative weighted
(W) unique fraction metrics (UniFrac) (Lozupone and Knight, 2005; Lozupone et al., 2007).
Both metrics calculate a distance matrix based on a given phylogenetic tree of all sequences
and focus on branch length that lead to taxa which are unique for a given environment or sample

with the formulas:

N [ 4i_Bi
Z%\Ll limaX(Ai!Bi) Z:]‘S":i Lj

u=
Here, N refers to the numbers of nodes in the tree and |; to the branch length between a node 1
and its parent. A and B are descendants from the respective node. In the unweighted UniFrac
formula, A and B are defined as present or absent. Regarding the weighted UniFrac, S indicates
the total number of sequences in the tree and L; is the overall branch length. In this case, A; and
Bi are sequence numbers descending from a node and At and Br are the total amount of

sequences from environment A and B.
Overall, the unweighted UniFrac searches for presence and absence of taxa to highlight

structural differences in the phylogenetic tree, the weighted UniFrac includes abundance

information to weight the branch lengths.
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2.4.3 Time series analyses

For a deeper understanding of microbial fluctuations within an individual, longitudinal data is
necessary. In Publication B, time series data over a period of eight days are analysed in a
clustering approach with and without dynamic time warping (Figure 4). All analyses are
performed in Matlab v9.11 (The MathWorks Inc., 2020a) using the software CASE (Schneider
et al., 2022). Dynamic time warping synchronises time series with different characteristics, e.g.
different length due to discrepancies in sampling points. To find an optimal alignment of the
time series, they are divided into equal points. Subsequently, the distances between the first
point of time series A and all points from time series B are calculated and the smallest distance
is stored (Sakoe and Chiba, 1978; Paliwal et al., 1982). This process is repeated until all smallest
distances between both time series are stored in a similarity matrix, which is the input for the
clustering algorithms. Two different hierarchical cluster algorithms were applied, namely
Ward’s linkage (Ward, 1963) and a community detection algorithm (Newman, 2004). Ward's
linkage evaluates the proximity between two clusters using a linkage function. This detects the
increase in the error sum of squares that occurs when two clusters are merged into a single
entity. The core objective of Ward's method is to minimise the spread of errors at each clustering

step. This is achieved by judiciously selecting the most appropriate clustering steps.
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Figure 4: Clustering pipeline of longitudinal microbiome datasets. In A), the single clustering pipeline is
shown, for which all eight samples of an individual are treated as single samples. B) shows the time series
clustering approach, in which the eight samples per individual undergo dynamic time warping prior to clustering.
Both approaches are treated similarly during the clustering process. Ward’s Linkage and Community detection
algorithms are applied to each dataset and the clustering results are visualised. Additionally, the labels for each
cluster in each approach are extracted including the normalised mutual information (NMI).
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Community detection is frequently used in network analyses. In microbiome data, the network
is defined as follows: the microbial composition of the samples are the nodes and the distance
between samples the edges. The aim of community detection is to group vertices into clusters.
First, each vertex is considered as a separate community, which are then merged based on the
number of edges. The results are clusters with many internal edges defining the community and
few edges connecting vertices from different clusters. Finally, the normalized mutual
information (NMI) is calculated as a measure of cluster reliability. Furthermore, the LASSO
algorithm (Tibshirani, 1996) is used to identify taxa that cause the cluster-specific differences

as described in more detail in Publication B.

2.4.4 Regression model development for host identification

In Manuscript C, a logistic ensemble model is developed to identify the host diet, digestive
system and family. For this approach, species with less than 20 samples are discarded from the
dataset. To test for the influence of the three categories prior to model development, a Pearson
correlation is calculated. A general linear model (glm) is then used to assess the statistical
significance of moderately and strongly correlated bacterial families as factors explaining
whether or not a given microbiome composition belongs to one of the specified categories. The
resulting dataset is then divided into trainings (64%), development (16%) and test (20%)
subsets. The preparation of the data confirms the assumption that the data set is independent

and identically distributed.

Faecal sample

k//’%\

carnivore omnivore herbivore
simple ruminant hindgut

/N.

Herpestidae  Canidae Felidae Ursidae  Ailuridae

Figure 5: Development of the ensemble logistic regression model. Based on the microbiota composition of a
faecal sample, logistic model performs different steps to characterize host-specific metadata. First, the model
identifies the diet type being carnivore, omnivore or herbivore. Second, for herbivorous hosts, the model decides
between a ruminant or a hindgut fermenting digestive system. In contrast, for carnivorous and omnivorous hosts,
the model distinguishes between the host family.
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The model development includes different steps. First, a logistic regression model ist trained to
distinguish between a carnivorous, omnivorous and herbivorous host. Due to their digestive
systems, herbivorous hosts are treated separately from omnivorous/carnivorous hosts in the
following steps (Figure 5). Regarding the herbivores, a second logistic regression model is built
to distinguish between the digestive systems (simple, hindgut, ruminant). For carnivores which
all have the same digestive morphology, a third logistic regression model is built to distinguish
between the host families. All of these models are validated using the development dataset. To
further improve the reliability, the probabilities of the models are aggregated to an ensemble
model by taking the average of each single regression model. Finally, the performance of this
combined model is validated by applying the test dataset. The performance is quantified by

using the F1 scores which combines the accuracy and precision of the models.

3.  Results
Given these methodological considerations, this chapter aims to summarise the results of the
three studies briefly. As all studies used different datasets, methodologies and research

questions, the findings are described individually.

3.1 Publication A

This publication, which includes the largest dataset of 621 samples, focuses on describing the
differences in faecal microbiota between herbivores and carnivores. More specifically, the
suborders Canoidea and Feloidea are compared with the orders Perissodactyla and Artiodactyla.
The main results of this publication are that carnivores and herbivores differ significantly in
their microbiota composition (ANOSIM statistics: R=0.50, p<0.001, permutations:999,
distance= Bray Curtis), diversity (Kruskal-Wallis: p<0.001, df=3, Dunn’s test with Bonferroni
correction p>0.001) and consistency. The main bacterial families contributing to the herbivore
microbiota are Spirochaetaceae, Lachnospiraceae, Rikenellaceae and Oscillospiraceae. In
contrast, carnivores are dominated by Fusobacteriaceae and Clostridiaceae. In terms of
microbial diversity, herbivores show a significantly higher alpha diversity in all measurements
compared to carnivores. Beta diversity analyses further reveal a separation of carnivores from
herbivores. Additionally, the herbivores form two distinct clusters representing Perissodactyla
and Ruminantia. In contrast, the carnivore samples are more diverse and heterogeneous,
indicating no visible separation of Feloidea and Canoidea. This high variation within Carnivora

is further supported by the high coefficient of variation of bacterial taxa in this order.
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3.2 Publication B

To gain a deeper understanding of the variation within the faecal microbiota of carnivores and
herbivores, this study analyses individual time series data from a herbivore (Connochaetes
taurinus) and a carnivore (Panthera tigris) species. Therefore, two clustering algorithms,
namely Ward's linkage and community detection, are applied with and without prior dynamic
time warping. Species-specific clustering reaches the best results when dynamic time warping
is applied before clustering the data with Ward's linkage. In this case, perfect clustering
(NMI=1) is achieved, splitting both species into two separate clusters. In contrast, single
clustering without dynamic time warping fails in species recognition (NMlcom=0.69,
NMIlwarg=0.25). In a second step, individual detection is tested for both species. Again,
individual identification fails using the single-sample approach. In contrast, the application of
dynamic time warping results in reliable individual clustering. For both species, the best results
are obtained by applying the community detection algorithm. This results in a NMIcom=0.97
and seven clusters for the Panthera tigris individuals and NMIcom=0.82 and six clusters for
Connochaetes taurinus. Limitations arise when considering two time series of an individual
that are further apart in time. These are not assigned to a single individual, as the algorithm

groups them into separate clusters.

In addition, cluster-specific bacterial taxa are identified using the LASSO algorithm as
implemented in the CASE software. The species-specific taxa are Clostridiaceae and
Fusobacteriaceae for Panthera tigris and Spirochaetes and Methanobacteriaceae for
Connochaetes taurinus. Individual-specific bacterial taxa are characterised in both species as a
combination of daily occurring core bacteria, e.g. Clostridiaceae and Enterobacteriaceae in the
Panthera tigris or Spirochaetes in Connochaetes taurinus, and individual low abundance

bacterial families that show greater daily variability.

3.3 Manuscript C

As the former publications suggest diet, digestive system and host species to have a strong
effect on the faecal microbiota, this manuscript aims to develop a model to predict those host-
specific factors. In a first step a Pearson correlation is performed on the dataset to analyse the
influence of diet and digestive system on the bacterial taxa. Herbivores show many positive
correlations with the strongest correlational values being Rikenellaceae (R=0.73) and
Ruminococcaceae (R=0.71) while carnivores show less positive correlations (e.g.
Fusobacteriaceae: R=0.55). Omnivore species in contrast, do not have any strong correlations.
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In regard of the digestive system, ruminants are strongly correlated with Ruminococcaceae
(R=0.77) and Methanobacteriaceae (R=0.64) while hindgut fermenters show strong
correlational values with Spirochaetaceae (R=0.86). Carnivores, having a simple digestive

system, correlate positively with Clostridiaceae (R=0.56) and Fusobacteriaceae (R=0.52).

In the next step, a logistic regression model is built to identify the diet, digestive system and
host family from a microbiota composition of an undisclosed faecal sample. First, the model
distinguishes between a carnivorous, herbivorous or omnivorous host with an overall accuracy
of 88%. The F1 scores vary between 0.73 for omnivores, 0.87 for carnivores and 0.93 for
herbivores. Within the herbivores, the model then distinguishes between a simple, hindgut
fermenting or foregut ruminant digestive system. The overall accuracy is 98%, with perfect
results for the hindgut fermenter (F1=1.00), followed by ruminants (F1=0.98) and the simple
digestive system (F1=0.92). Due to the uniformity of simple digestive systems across all
carnivores, it is not possible to discriminate the digestive system. Instead, the model decides
between the carnivorous host families with an overall accuracy of 79%. Canidae are identified
with a high F1 score of 0.93, while Felidae and Ursidae are identified with a slightly lower
reliability of 0.83 and 0.79 respectively. Only the Herpestidae could not be distinguished from

the other families, with an F1 score of 0.00.

4.  Discussion
4.1 Challenges and difficulties

Faecal samples are established as a proxy for microbiome analysis because the microbial
density increases along the gastrointestinal system, with more than 98% of the human
microbiota living in the colon (Haller and Hormannsperger, 2015; Douglas, 2018). As they have
a similar digestive system, the same is true for carnivores and hindgut fermenters. In contrast,
ruminants show the highest abundance of microorganisms in the rumen, but due to lacking
comparability, many studies also focus on faecal samples of ruminants (Tanca et al., 2017;
Clemmons et al., 2019; O'Hara et al., 2020). Another reason for using faecal samples for
microbiome research, especially in animals, is the non-invasive sampling method, which allows
for easily repeated longitudinal sampling. For research on zoo animals, the EAZA (European
Association of Zoos and Aquaria) research strategy focuses on non-invasive research
approaches to assess the health status of different endangered animal species (European
Association of Zoos and Aquaria, 2022). The use of faecal samples requires some attention to

handling and storage procedures. On the one hand, there are many different recommendations
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on how a given storage temperature affects the microbiota composition of the sample. It is
unclear how long faecal samples can be stored at room temperature or at 4°C without affecting
the microbial composition, often varying between one and five days (Roesch et al., 2009;
Carroll et al., 2012; Choo et al., 2015; Tedjo et al., 2015; Ezzy et al., 2019). For long-term
storage, a temperature of -80°C is most suitable to maintain a stable microbiota composition
for at least six months (Carroll et al., 2012; Fouhy et al., 2015). Temperature-induced changes
are mostly observed at lower taxonomic levels such as species or genus (Cardona et al., 2012).
Therefore, all taxonomic analyses in this thesis have been carried out at the microbial family
level. On the other hand, repeated cycles of freezing and thawing must be avoided as this can
lead to a degradation of the microbial DNA and to changes in the cellular structure of gram-

positive bacteria (Bahl et al., 2012; Fouhy et al., 2015).

To minimise these storage-related effects on the microbiota, the samples for all studies are
processed according to the same collection and storage scheme. Keepers collected the samples
in the morning so that the time between defecation and sampling was a maximum of 12 to 24
hours. To further reduce the influence of oxygen on the surface of the sample, a subsample is
taken immediately from the core of the faeces. This was done to avoid bias in the ratio of aerobic
to anaerobic bacteria. Even if all these things are taken into account, there are some factors that
could not be considered in the studies. For example, the rate of change of the microbiota also
depends on the nutrient composition of the individual samples or the host species. Similarly,
contamination with soil bacteria or weather effects cannot be completely prevented (Roesch et

al., 2009; Menke et al., 2015).

Due to the rapid development of a large number of sequencing methods and bioinformatic
analysis tools, the comparability of microbiome studies is often limited. For this reason, for all
three studies in this thesis the same laboratory equipment (DNA extraction kit, library

preparation, sequencing method) and a standardised analysis approach of DNA data are used.

4.2 Comparison of the carnivore and herbivore faecal microbiota

Based on their completely different diets and digestive morphology, carnivores and herbivores
have significantly different microbiomes (Ley et al., 2008a; Muegge et al., 2011; Youngblut et
al., 2019; Guo et al., 2020; Milani et al., 2020). This is being confirmed throughout this thesis,
both in terms of microbiota composition and diversity (Figures 6,7). Herbivores lack plant
degrading enzymes such as glycoside hydrolases and polysaccharide lyases and are therefore
dependent on microbial fermentation (Stevens and Hume, 1995; Russel and Rychlik, 2001).

29



I Research Project
4 Discussion

Bacterial families that are responsible for cellulose degradation are Prevotellaceae,
Rikenellaceae, Oscillospiraceae and Spirochaetaceae. In this thesis, they were found in high
abundance in all herbivorous species, which is consistent with previous studies (Kartzinel et
al., 2019; Milani et al., 2020). In the human gut microbiome, Prevotellaceae represent a distinct
enterotype based on a low-fat, high fibre diet (Arumugam et al., 2011). Members of this family
are involved in the glucose metabolism, which is a necessary step in polysaccharide digestion
(Wang et al., 2016). Furthermore, Rikenellaceae, Spirochaetaceae and Lachnospiraceae have
been found in the faeces of many herbivorous species as they also play an important role in
carbohydrate fermentation (Cwyk and Canale-Parola, 1979; Yatsunenko et al., 2012; DeLong
et al., 2014; Obregon-Tito et al., 2015; La Reau and Suen, 2018; Lau et al., 2018; Vacca et al.,
2020). In addition to the plant diet, herbivorous animal species differ in the site of microbial
fermentation. Fermentation occurs either in the hindgut after enzymatic digestion or in the
foregut prior to enzymatic digestion. Some studies have shown that the microbiome is adapted
to the type of digestive system, but the data set was very limited and included only single
samples per species (Ley et al., 2008a; Muegge et al., 2011). In this thesis, these differences in
the microbiota are confirmed using a variety of species with multiple samples. On the one hand,
these differences occur in the composition of the microbiota, e.g. in the presence of
methanogenic archaea in ruminants, especially Bovidae (Figure 6). On the other hand, diet and
digestive system can be perfectly predicted using a logistic ensemble model. These results

further indicate the influence of diet and digestive morphology on the microbiome.

In contrast to herbivores, this thesis shows that the microbiota of carnivores is less complex and
diverse (Figure 6,7). It is mainly adapted to digest a high fat and protein-rich diet with a simple
digestive system. The microbial taxa that perform amino acid fermentation to produce SCFAs
are mainly members of Clostridiaceae, Fusobacteriaceae and Peptostreptococcaceae (Wiegel et
al., 2006; DeLong et al., 2014; Slobodkin, 2014). This adaptation to protein metabolism is
consistent with previous studies showing that carnivores express fewer carbohydrate and more

choline and trimethylamine degradation pathways (Milani et al., 2020).
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Figure 6: Taxonomic composition of the carnivore and herbivore faecal microbiota based on the SILVA
database. The microbial composition is averaged for each mammalian family. Taxa that occur in less than 5% of
the overall composition are summed up. The legend indicates the respective phylum and family of each microbial
taxon. Figure created according to Zoelzer et al. 2021.

In addition to the composition, the microbial alpha diversity differs significantly between
carnivores and herbivores (Figure 7). All of the herbivorous host families assessed in this thesis
show a significantly higher diversity in their faecal microbiota compared to carnivores,
regardless of the measurement. Figure 7 shows that both, the number of different taxa and the
phylogenetic range of these taxa, are significantly increased. This is mainly due to the need for
different plant-degrading microorganisms and a complex structure of the digestive system that

is adapted to microbial fermentation (Vital et al., 2015; Guo et al., 2020).
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Figure 7: Alpha diversity of carnivores and herbivores. The left plot shows the ASV richness, indicating the
number of different ASV’s. On the right, Faith’s phylogenetic diversity is shown, which includes the amount of
the microbial phylogenetic tree being covered by the ASV’s. Figure created according to Zoelzer et al. 2021.
Furthermore, this thesis shows a greater similarity within the herbivore microbiota in contrast
to a highly diverse carnivore microbiota (Figure 8). As already discussed, previous studies have
shown a clustering of herbivore and carnivore host species, but the extent and distribution of
these clusters have not been the focus of research to date. The large dispersion of data points
within the carnivores is further reinforced by higher coefficients of variation for all microbial
taxa analysed in this group. In contrast, the coefficient of variation within herbivores is rather
low. The close similarity of herbivore species has been demonstrated for other species such as
Giraffa camelopardalis (AlZahal et al., 2016) and different antelopes (Kartzinel et al., 2019;
Guo et al., 2020).
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Figure 8: Beta diversity of carnivores and herbivores, expressed as non-metric dimensional scaling (NMDS)
based on a Bray-Curtis distance matrix. Each point represents one sample and the distance between points
indicates the similarity in the microbiota composition. The colouring refers to the host phylogeny. Figure created
according to Zoelzer et al. 2021.

In addition, this thesis highlights these differences by analysing time series data from one
herbivorous (Connochaetes taurinus) and one carnivorous (Panthera tigris) host species. While
the different Connochaetes taurinus individuals show a very homogenous pattern of microbiota
composition, the microbiota of Panthera tigris shows daily fluctuations. These findings may be
related to differences in diets. Herbivores are fed on hay ad libitum, with seasonal variations in
alfalfa and grass across all zoos. In contrast, the diet of carnivores consists of a variety of fresh
and kibbled meats, insects and vegetable or fruit supplements. Even species classified as strict
carnivores such as Speothos venaticus or Lycaon pictus experience daily variations in the origin
or preparation of their meat, including options such as whole body or sheared meat. In well-
studied companion animals such as Canis lupus and Felis silvestris, changes in carbohydrate or
protein intake affect the faecal microbiota and the production of SCFAs. In particular,
Clostridium and Fusobacterium, both members of highly abundant microbial families are
known to be affected by dietary changes (Bermingham et al., 2017; Lyu et al., 2018; Bragg et
al., 2020). The abundance of these taxa increase when the diet consists mainly of fresh meat. In
contrast, Prevotella has previously been discussed as a plant-degrading bacterium that increases

in a starch-containing meat-based diet (Butowski et al., 2019).

Those differences in the microbiomes of carnivores and herbivores lead to methodological
aspects for future studies. Especially for carnivores, there seems to be a strong need to include
multiple samples per species to compensate for the variation in the microbiota. Studies
analysing the microbiota of Acinonyx jubatus differ in their results, e.g. for Fusobacteria, when
including either two or up to 50 samples of this species (Becker et al., 2014; Wasimuddin et al.,

2017).
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4.3 Influence of the host on the faecal microbiota

In addition to the influence of diet and the digestive system, the host species also affects the
microbiome. This interaction between the microbiome and the host organism is defined as
phylosymbiosis (Lim and Bordenstein, 2020). On a broader scale, the beta diversity results
provide a first insight into a possible phylosymbiosis across the analysed mammal species
(Figure 8). In particular, the Ailuridae should be considered due to their unique combination of
diet and digestive system. This family is characterised by a simple carnivorous digestive
system, but is fed a herbivorous diet. In this thesis, the Ailuridae show a closer similarity to the
other carnivores, especially to the Ursidae, to which they have a closer phylogenetic kinship.
This shows that in some groups, the influence of phylogeny and of the digestive system’s
morphology outweighs the influence of the diet. This was previously suggested in a study with
a smaller sample size and is being confirmed in this thesis (Ley et al., 2008a). To further test
the host-specific influence on the faecal microbiota, a predictive logistic regression model was
developed. With this model it is possible to extract host-specific information from the
microbiota composition of a faecal sample. In particular, the diet type (carnivore, herbivore,
omnivore) and the digestive system (ruminant, hindgut, simple) can be predicted with a high
accuracy of up to 100%. This further strengthens the influence of the host’s diet and digestive
system on the faecal microbiota. Furthermore, it is possible to predict carnivorous host families
based on the composition of the microbiota. While a distinct clustering of diet groups and
digestive systems has already been described in a variety of studies (Ley et al., 2008a; Ley et
al., 2008b; O' Donnell et al., 2017), a differentiation between carnivorous host species is largely
unexplored mainly due to the highly variable microbiota within these animal species (Ley et
al., 2008a; Guo et al., 2020). With the developed regression model, it is possible to distinguish
between Canidae (F1=0.93), Felidae (F1=0.82) and Ursidae host families. This model can
easily be improved for future studies, as the differentiation of herbivore host families currently
fails due to an insufficient number of samples. By increasing the number of samples to 50 per
host species, it will be possible to determine not only the host family but also the species.
Phylosymbiosis has previously been described in various rodents (Knowles et al., 2019),
Cervinae (Li et al., 2018) and Bos mutus (Fu et al., 2021), and throughout this thesis it is also
proven for Canidae, Felidae and Ursidae host families. In addition, first evidences occur that
phylosymbiosis is not restricted to the family or even species level. Analyses of the longitudinal
data from single individuals of Connochaetes taurinus and Panthera tigris in this thesis show
that it is possible to identify species and even individuals based on a time series of microbiota

data in both species.
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The combination of logistic regression models and clustering approaches of individual time
series data is very promising for future studies to extract host-specific metadata from a faecal
sample. Some studies were successful in predicting other host-specific factors such as age
(Biagi et al., 2012; Yatsunenko et al., 2012; Bjork et al., 2019) or health-status (Greenblum et
al., 2012; Gupta et al., 2020) from faecal samples, mainly based on humans or primates. On the
one hand, further development of this method can lead to non-invasive monitoring of the health
status of a wide range of animals, thereby improving animal welfare in zoos. On the other hand,
this approach opens up new possibilities of microbiome research in the field. The combination
of portable sequencing technologies such as the MinlON™ and the ability to extract host-
specific metadata from faecal samples in a cost- and labour-efficient approach facilitates non-

invasive wildlife monitoring.

5.  Conclusion and future implementations

This thesis provides an important contribution to the field of animal microbiome research,
including species conservation efforts. A wide range of knowledge is gained on a variety of
zoo-housed animal species, with a focus on mammalian carnivores and herbivores. It was
possible to collect sufficient data containing information on the composition and diversity of
the microbiota of 31 mammal species, based on over 600 faecal samples. With this information
it is possible to fill the knowledge gaps, as previous studies either focused on a singular species
(mainly farm animals) with many samples (Clemmons et al., 2019; Wang et al., 2019; O'Hara
et al., 2020), or on many species with only a few samples per species (Ley et al., 2008a;

Kartzinel et al., 2019; Youngblut et al., 2019; Milani et al., 2020).

The main differences between carnivores and herbivores lie in a significantly higher microbial
diversity but more homogenous microbial composition in herbivores, as opposed to low
diversity and high variability in carnivores. This thesis finds strong evidences for diet, digestive
morphology and host phylogeny being the most important factors influencing the faecal
microbiota. Overall, highly-abundant bacterial taxa are responsible for plant or meat digestion,
regardless of whether herbivores or carnivores are considered. In contrast, low abundance taxa
appear to be individual-related and are therefore important to consider for individual
discrimination. This thesis also provides new insights into best practice sampling methods for
future microbiome research, depending on the research objective. It is shown that longitudinal
data is necessary for a reliable representation of an individual’s faecal microbiota, especially in

carnivores. A minimum of ten samples is recommended for this approach, but ideally this
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sampling should be carried out several times a year to compensate for possible seasonal
differences. In contrast, to establish a reliable database of the microbiota of different host
species a minimum of 50 samples per species is recommended. This is necessary to develop
predictive, species-specific regression models or to extract further host-related information in

future studies.

In addition, new methods are proposed that are important for future research. Combining
clustering algorithms with logistic regression models provides the possibility to extend the
microbiome research to wild-living animals. In particular, the identification of species or
individuals benefits from these approaches. It is easy to collect faecal samples in the field, e.g.
at waterholes or in grazing areas, but obtaining host-specific information is often challenging,
especially in a non-invasive way. It is common practice to apply specific microsatellites to the
host DNA, which needs to be isolated from the faeces. Unfortunately, this is very costly and
time-consuming, especially if the microsatellites still have to be established (Kurose et al.,
2005; Miller et al., 2016; Walker et al., 2019). Therefore, the combination of clustering and
modelling approaches to extract as much host-specific information as possible from the
microbiota is very promising. Possible applications in the field include wildlife monitoring,
analysis of mixed species group composition or disease detection from microbiota samples. For
the latter, the established database needs to be expanded to include samples from wild species.
A common criticism of microbiome analyses of zoo animals is the influence of captivity, which
can lead to a reduced diversity (Chi et al., 2019; Jiang et al., 2020). However, this has not been
conclusively proven and only seems to be true for some animal families (McKenzie et al.,
2017). Nevertheless, this is an important point to consider for future research. With the dataset
established in this study, it is possible to compare samples from wild living animals with zoo-
housed animals. The knowledge of differences or similarities between the microbiota of zoo-
housed species and their wild counterparts is particularly important in the field of reintroduction
programmes. Prior to release, the microbiome of these individuals should be able to cope with
the new environment and especially the nutritional requirements. This is more important than

ever in times of climate change and ongoing habitat fragmentation.

Future studies will benefit not only from the latest research, but also from technical advances
in new sequencing methods. As this thesis is based on second-generation sequencing, third-
generation sequencing methods are now well established and offer reliable and error-tolerant
advancement. In particular, the MinlON™ sequencer, established by Oxford Nanopore

Technology. This sequencing method, which is based on ionic voltage differences within a
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nanopore, runs on a device with the size of a USB stick. The company’s goal is to make
sequencing available to anyone, anywhere. Therefore, the entire library preparation requires
very basic laboratory equipment and the sequencing can be done offline, making it a perfect
tool for sequencing DNA directly in the field. This technology, combined with the knowledge
of sampling procedures and the bioinformatical tools, is perfectly suited to apply the results of

this thesis to wildlife faecal samples.
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Abstract

Background: Through the rapid development in DNA sequencing methods and tools, microbiome studies on a vari-
ous number of species were performed during the last decade. This advance makes it possible to analyze hundreds
of samples from different species at the same time in order to obtain a general overview of the microbiota. However,
there is still uncertainty on the variability of the microbiota of different animal orders and on whether certain bacteria
within a species are subject to greater fluctuations than others. This is largely due to the fact that the analysis in most
extensive comparative studies is based on only a few samples per species or per study site. In our study, we aim to
close this knowledge gap by analyzing multiple individual samples per species including two carnivore suborders
Canoidea and Feloidea as well as the orders of herbivore Perissodactyla and Artiodactyla held in different zoos. To
assess microbial diversity, 621 fecal samples from 31 species were characterized by sequencing the V3-V4 region of
the 16S rRNA gene using lllumina MiSeq.

Results: We found significant differences in the consistency of microbiota composition and in fecal microbial diver-
sity between carnivore and herbivore species. Whereas the microbiota of Carnivora is highly variable and inconsist-
ent within and between species, Perissodactyla and Ruminantia show fewer differences across species boundaries.
Furthermore, low-abundance bacterial families show higher fluctuations in the fecal microbiota than high-abundance
ones.

Conclusions: Our data suggest that microbial diversity is significantly higher in herbivores than in carnivores,
whereas the microbiota in carnivores, unlike in herbivores, varies widely even within species. This high variability has
methodological implications and underlines the need to analyze a minimum amount of about 10 samples per spe-
cies. In our study, we found considerable differences in the occurrence of different bacterial families when looking at
just three and six samples. However, from a sample number of 10 onwards, these within-species fluctuations balanced
out in most cases and led to constant and more reliable results.

Keywords: 165 rRNA gene, Microbiota, Herbivores, Carnivores, Variability

Background

Due to intensive research in the field of microbiome sci-
ence and further development of DNA sequencing, the
tasks and importance of gastrointestinal microorganisms,
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B BMC

especially the production of short-chain fatty acids
(SCFA) serving the host organism as energy supply,
are now well described [1-3]. In recent years, a lot of
research has been conducted to analyze the composition
and factors influencing the microbiome for various spe-
cies using two different approaches. The first often-used
study design focuses on a single species or on a specific
taxonomic classification. Here, multiple samples per
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individual or species are analyzed, representing one or
several time points. Especially farm animals e.g. cattle
[4—6], pigs [7-9] or sheep [10, 11], have been largely ana-
lyzed due to their importance in agriculture. The micro-
biota of some wild species, especially highly endangered
species such as black rhinos [12], koalas [13] and Tasma-
nian devils [14], has also been described in more detailed
studies. The advantage of this study design is that the
microbial composition and diversity of the species stud-
ied can be compiled in detail and comprehensively.
Moreover, further factors influencing the microbial com-
position can also be determined in in-depth statistical
analyses.

The second study design focuses on an overall com-
parison within or between groups of animals e.g. terres-
trial [15-19] and marine mammals [20], amphibians [21]
or birds [22]. In contrast to the former approach, stud-
ies involving numerous species are usually based on a
smaller number of samples per species or collection site.
A possible disadvantage of this approach could be non-
representative results of these analyses due to the limited
number of samples per species studied. Especially for
studies on Carnivora, there are notable inconsistencies
across different studies. For instance, two lion samples
show a dominance of Fusobacteria and Firmicutes in one
study [17], while three lion samples of another one lack of
Fusobacteria and instead contain Actinobacteria [16]. A
similar pattern occurs in studies on different tiger and fox
subspecies. While about half of the samples in one study
[17] consist of Proteobacteria and Fusobacteria respec-
tively, another study found large differences for those
microbial families [raref. The above-mentioned examples
raise the question whether a minimum number of sam-
ples is needed to describe the microbiota of a carnivore
species. In addition, the issue remains whether there are
taxa that are more susceptible to microbial fluctuations,
or whether this is due to specific bacterial species.

We aim to integrate the above-mentioned approaches
by analyzing a comprehensive dataset of four major
mammalian (sub-)orders (Canoidea, Feloidea, Perisso-
dactyla and Ruminantia) to identify differences within
or between those. As those animals each have a char-
acteristic digestive system and rely on a different diet,
they are well suited to test for variation in their micro-
bial composition. The digestive tract of the Carnivora
is short and—beside that of the Insectivora—also one
of the least complex among mammals. It is character-
ized by a short intestine and colon, as well as a small
cecum. Carnivora are among the hindgut fermenter,
which have the highest microbial density in the appen-
dix, colon and rectum [23, 24]. In general, individuals
of this order show only slight adaptations to micro-
bial fermentation, since they rely on easily digestible
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protein-rich nutrition and have lower glucose needs
[25, 26]. Analyses of 16S rRNA gene have shown a low
bacterial diversity in the stomach of carnivores, but that
diversity increases steadily within the distal intestinal
sections [27]. In contrast to carnivores, herbivores such
as Perissodactyla and Ruminantia depend on microbial
fermentation for cellulose and hemicellulose degrada-
tion. Perissodactyla, as hindgut fermenters, are charac-
terized by a simple stomach similar to Carnivora, but in
contrast have an enlarged large intestine to extend the
retention time of food, as well as an enlarged cecum as
the main place of microbial fermentation. Compared
to monogastric animals, ruminants have a segmented
stomach consisting of the rumen, reticulum, omasum
and abomasum. In contrast to the Perissodactyla, rumi-
nants are foregut fermenters, in which microbial fer-
mentation mainly takes place in the rumen. While the
small and large intestines are similar in size to the Per-
issodactyla, the cecum is reduced [28, 29].

In order to create such a widespread dataset, microbi-
ome analyses of zoo-housed animals are suitable in differ-
ent ways. First, it is necessary to know as many individual
and environmental influencing factors as possible to cre-
ate a representative dataset using multiple samples per
species, individuals and collection sites. In this regard,
zoos offer a nearly perfect environment because the gen-
eral conditions such as nutrition, age and pedigree of the
animals are well-known. Second, microbiome research is
of great interest for the zoos to improve animal welfare.
Finally, the microbiota influences a variety of physiologi-
cal and behavioral processes and, accordingly, a healthy
microbiota is correlated with an animal’s fitness. Other
aspects that are largely unclear so far include possible
changes in the microbiome in specific situations such
as animal transport, animal socialization or feed con-
version. With a meaningful dataset, deviations from the
species-specific references can be identified and potential
treatments initiated.

Results

In total, we analyzed 621 fecal samples of 31 zoo-housed
carnivore and herbivore species, performing Illumina
MiSeq paired-end sequencing of the V3-V4 region
of the 16S rRNA gene. After quality filtering and read
merging, the dataset consists of 12,651,811 sequences
(2315-134,440 sequences per sample) with an average
of 20,308 sequences per sample. Following the DADA2
pipeline in QIIME 2, we identified 21,058 different ampli-
con sequence variants (ASV), across all samples (2315
to 134,414 ASV’s per sample). The most common classi-
fied ASV represented 453,104 times in 329 samples and
belongs to a Clostridium perfringens strain.
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Composition of fecal microbiota of major mammalian
(sub-)orders

We found significant differences between herbivores and
carnivores in the microbial composition (ANOSIM statis-
tic: R=0.50, p<0.001, number of permutations: 999, dis-
tance ="bray") as shown in Fig. 1B. As can be seen in this
figure, the four major bacterial families across all herbi-
voresare Spirochaetaceae (Average + standard deviation:
15.3 £+ 9.0%), Lachnospiraceae (15.3 + 5.8%), Rikenel-
laceae (14.5 + 4.4%) and Oscillospiraceae (12.4 + 4.3%)
(Additional file 2). Within the herbivores, Spirochaeta-
ceae are more than twice as common in Perissodactyla
(23.2£4.4%) than in ruminants (8.545.8%). While this
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family is equally distributed across perissodactylan spe-
cies, within the ruminants it only occurs in larger propor-
tions in giraffes (14.3%) and okapis (15.0%). In contrast,
we found on average 20.2+3.9% of Lachnospiraceae in
Perissodactyla and only 11.14+3.4% in ruminants, where
larger proportions were observed in reindeer (18.9%).
Rikenellaceae, the third most-common family in herbivo-
rous species, constitutes on average to 16.1£4.1% of the
fecal microbiota of ruminants and to 12.6+4.0% that
of Perissodactyla. With respect to the Oscillospiraceae,
we found notable differences between Ruminantia and
Perissodactyla. While this family is equally abundant
across nearly all ruminants (14.8 +2.7%), it only appears
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in tapirs (14.3%) and black rhinoceros (15.8%) in greater
proportions of all Perissodactyla (9.6+4.0%). Besides
those four major families, we identified Bacteroidaceae
in many ruminants (10.2+3.4%) and an uncultured bac-
terium p-251-05 of the Bacteroidales order in Perissodac-
tyla (9.7£7.7%), especially in the grevy’s zebras (20.3%).
Other bacterial families such as Tanerellaceae, Erysipel-
otrichaceae, Clostridiaceae, Fusobacteriaceae and Enter-
obacteriaceae constitute on average less than 5% of the
microbiota across all herbivore species.

Furthermore, Fig. 1B illustrates that Fusobacteriaceae
is the most dominant bacterial family in Carnivora spe-
cies, occurring on average in 23.2+7.1% of all Feloidea
and in 22.38+13.1% of all Canoidea. However, within
the Canoidea, this family is low-abundant in red pan-
das and brown bears as it constitutes to less than 5% of
both fecal microbiota. The distribution of Clostridiaceae
(15.9+£10.1%), the second dominant family within the
Carnivora, is on average similar for Feloidea (15.2 £5.8%)
and Canoidea (16.6 +13.0%). Clostridiaceae form a large
proportion of the microbiota, accounting for more than
30%, in both bears and red pandas. Those species also
differ from other Canoidea with regard to Bacteroi-
daceae. Whereas this family is frequently found in most
Carnivora (14.2 4+8.9%), it is low-abundant (<5%) in the
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red pandas, brown bears, polar bears and fossas. Addi-
tionally, we found on average 16.0+£6.5% Peptostrepto-
coccaceae in Feloidea and only 8.5+ 7.1% of this family in
Canoidea, but the value calculated for Felidae is mostly
influenced by its high abundance of 33.0% in fossas.
Beside these major bacterial families, some others are
largely represented in both bear species and red pandas.
For example, we found that Enterobacteriaceae contrib-
ute on average 25.3% to the fecal microbial composition
in red pandas, to 22.7% in polar bears and to 20.4% in
brown bears. Furthermore, Erysipelotrichaceae are more
dominant in brown bears (13.7%) and red pandas (16.5%)
than in other Canoidea (4.0 £6.2%). With regard to the
Felidae, Lachnospiraceae (14.0+3.5%) are another domi-
nant family, being equally distributed across all sampled
felid species. Other bacterial families such as Spiro-
chaetaceae, Rikenellaceae and Oscillospiraceae, which
were dominant in herbivorous species, accounted for less
than 5% of the carnivore microbiota.

Microbial diversity within and between herbivores

and carnivores

The microbial diversity measured by effective num-
ber of species differs significantly between carni-
vores and herbivores as shown in Figs. 1C and Fig. 2C
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(Kruskal-Wallis: p<0.001, df=3, Dunn Test with Bon-
ferroni correction p<0.001), while there are no signifi-
cant differences between Canoidea (90.0+88.2) and
Feloidea (101.1£93.9) as well as between Perissodac-
tyla (1475.9£1030.5) and Ruminantia (1350.4+673.3).
Besides the ENS, those significant differences between
carnivores and herbivores are further illustrated in the
Shannon index and species richness (Fig. 2A, B). The
median of the Shannon index is 4.5+£0.9 for Canoidea
which is similar to Feloidea (4.6+0.7) and signifi-
cantly different (p<0.01) to Perissodactyla (7.3£0.8)
and Ruminantia (7.240.6). Furthermore, comparable
results are obtained with the species richness (p<0.01),
which is more than four times higher in perissodactylan
(279.0£103.5) and ruminant species (268.5+87.3) than
in Canoidea (61.04+27.0) and Feloidea (60.0 +25.5). Con-
sequently, Carnivora species show a reduced microbial
diversity over all measurements compared to Perisso-
dactyla and Ruminantia species. Regarding the Shannon
index across all species within a (sub-)order, further dif-
ferences become visible (Fig. 2D). Within the Canoidea
the greatest variation is found within the red pandas
(3.9£0.9). Additionally, the red panda samples show
a significantly lower Shannon index compared to the
Vulpini species represented by the fennec fox (5.4+£0.3,
p<0.001), arctic fox (5.4+0.3, p<0.001) and bat-eared
fox (5.240.6, p=0.004). These three species generally
show the highest alpha diversity within the Canoidea
and differ significantly from the brown bear (3.940.6,
p<0.001) and maned wolf samples (4.0+0.4, p<0.001).
The Shannon index within the Feloidea species is very
similar among species, and just the suricate samples show
greater deviations (5.4£1.2). Compared to some big cat
species as the cheetah (4.7£0.8), lion (4.7+£0.5), snow
leopard (4.6 £0.7) or tiger (4.5+0.5), the suricate sam-
ples show a significantly greater alpha diversity (p <0.05).
The zebras show the highest alpha diversity within the
Perissodactyla, with the mountain zebra having a signifi-
cant higher diversity (8.0£0.4) compared to the plains
zebra (7.4£0.6, p<0.05), tapir (6.7+0.3, p<0.05), black
(6.5+1.0, p<0.001) and white rhino (7.1 +0.4, p<0.001).
Additionally, the highest variation was found within the
grevy’s zebra (7.6+0.9). The Shannon index within the
analyzed ruminants is similar across all species. Only
the elands (6.7 +0.8) show a significantly lower Shannon
index compared to bongos (7.4 £ 0.4, p <0.05) and wilde-
beests (7.1 0.5, p<0.05).

Regarding the beta diversity, the principal coordinate
analysis (PCoA) of the unweighted UniFrac distance
matrix explains a total of 46.3% of data variability within
the first three main axes (Fig. 3A, B), while the weighted
UniFrac matrix explains a total of 63.3% of the data
(Fig. 3C, D). Both plots show a clear separation between
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carnivores and herbivores, indicating a general differ-
ence in bacterial composition between these two groups.
Homogeneity of dispersion is given within the four (sub-)
orders (F=0.670, p =0.570, permutations =999) and the
ADONIS test shows significant differences in the fecal
microbial composition between Canoidea, Feloidea,
Ruminantia and Perissodactyla (R*=0.020, p<0.001,
permutations =999). This is also confirmed by the PCoA
of the unweighted UniFrac measurement (Fig. 3A, B).
Similar to the weighted UniFrac, the homogeneity of
dispersion is given for the animal (sub-)order (F=0.670,
p=0.570, permutations =999) and also for this metric,
we found significant differences in the fecal microbial
composition between the four(sub-)orders (R?=0.020,
p<0.001, permutations =999).

Regarding the Perissodactyla and Ruminantia, both
form clearer clusters in the unweighted UniFrac than
in the weighted UniFrac measurement. This suggests
that both, Perissodactyla and Ruminantia, can be distin-
guished by their general bacterial composition. Further-
more, in combination with the pattern observed in the
weighted UniFrac plot, some differences within Peris-
sodactyla and Ruminantia become visible which can be
explained by the different abundance of some bacterial
taxa. Thus, both herbivore groups consist of a similar
microbiota that differs in the abundance of certain bacte-
rial taxa. In contrast, there is no clear separation between
Canoidea and Feloidea in either plot, indicating a differ-
ing bacterial composition within the Carnivora. In the
unweighted UniFrac plot of the Carnivora (Fig. 3B), a
slight pattern becomes visible. At the order-specific level,
the Carnivora are divided into three clusters (Fig. 3B).
The first cluster, closest to the Perissodactyla, consists of
the polar and brown bear as well as the red panda sam-
ples. A little distant from these lies the center of the sec-
ond cluster, made of the big and small cats as well as the
South American Cerdocyonina represented by the bush
dog and maned wolf samples. Finally, the third cluster,
which is most distant from the herbivorous species, is
composed of the Vulpini (fennec fox, arctic fox, bat-eared
fox) and the African wild dog samples. Since these clus-
ters are based on the unweighted UniFrac method, they
can be distinguished from each other by a generally dif-
ferent bacterial composition. Since these clusters are less
clear in the weighted UniFrac plot (Fig. 3D), these differ-
ences might be explained by the occurrence of low-abun-
dant bacterial taxa, which are not visible when bacterial
abundances are taken into account. Noticeably, four sam-
ples fall between the herbivores and carnivores, which
belong to two elands from the same zoo and two cheetahs
respectively. Since these animals were apparently healthy
and did not differ in any other way from other sampled
herd members, these outliers can at best be explained
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by a reduced read count (8204 and 7631 sequences for
elands and 6,521 and 10,028 sequences). Regarding the
two cheetahs, the general variability within the small cats
is very high (Fig. 3B) and those samples might just under-
lie these deviations.

For a more detailed analysis of the variation within the
Carnivora, we focused on fluctuations within the most
common bacterial families, calculated as coefficient of
variation (CV). The CV is defined as the ratio of stand-
ard deviation to the mean. Figure 4 shows the CV plot-
ted against the number of samples and against the total
percentage of occurrence of herbivores (4A) and carni-
vores (4B). These figures show three main results. First,
the CV is in general lower for the illustrated bacterial
families in carnivores compared to herbivores. Whereas
the CV for the most dominant bacterial families within
herbivores mostly not exceeds values of 1.0, the respec-
tive values within carnivores are about twice as high, e.g.
for Peptostreptococcaceae, indicating higher variation
within this bacterial family. Second, the relative varia-
tion (CV) of the low-abundant bacterial families (e.g.,

Enterobacteriaceae) is significantly greater on average per
species than the variation of the high-abundant families
(e.g., Clostridiaceae and Fusobacteriaceae), although the
absolute variation of these bacterial families within the
species studied is similar. Third, it is noticeable that the
CV does not necessarily decrease with regard to a larger
number of samples being analyzed, at least not when all
herbivores or all carnivores are considered together. To
examine whether this effect is possibly affected by spe-
cies-specific differences, we created randomized subsets
of bacterial abundance data for different sample num-
bers (n=3, 6, 10, 15, 20, 25) with three replicates each,
of three carnivore and herbivore species. For this pur-
pose, we used bacterial families that occur in more than
7% of all herbivore or carnivore species, because low-
abundant families seem to have a higher variability per
se as shown before. Within all species, this results in a
decreased coefficient of variation as the number of sam-
ples increases (Fig. 5). This clearly shows that when ana-
lyzing only a few samples per species (n=3 or 6), there
is generally greater variability in bacterial abundance
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data between samples than when using larger numbers
of samples (n=20 or 25). In addition, species-specific
differences become visible. For example, giraffes show a
constantly low variability in both bacterial families, even
when only a few samples are considered. In contrast, wil-
debeests and plains zebras are more variable when only a
few samples are taken into account and first stabilize at a
sample number of 15 in both analyzed bacterial families.
Within carnivores, the tiger samples show a constant CV
for all bacterial families from a sample number of n=10.

Even if the variability within the lion samples is higher
compared to the tiger ones, they also become stable from
a sample number of 10 onwards. Besides species-specific
differences, we also found differences in the variability
between bacterial families in the brown bear. While the
pattern for Peptostreptococcaceae and Clostridiaceae
is the same as in tigers and lions, the high CV values of
the Fusobacteriaceae is not noticeably declining with an
increased sample size. Detailed results are shown in the
Additional file 3.
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To control for the zoo habitat as a possible influenc-
ing factor on the fecal microbiota, we performed a mul-
tinomial regression model on the microbial differential
abundance data. The evaluation of the model setting
‘200" against a null model obtained a Q* value of 0.13.
Compared to that, the model containing only ‘species’ as
explanatory variable obtained a Q? value of 0.33. A com-
bined model (‘zoo’+ ‘species’) results in a slightly higher
Q? value of 0.43. In order to distinguish the obtained zoo
effect more precisely from the effect of the variable ‘spe-
cies, we compared the model including zoo’ as a variable
against a baseline model containing ‘species’ as a variable.
This results in a negative Q> score, illustrating that the
variable ‘zoo’ does not improve the model when ‘species’
is set as a baseline.

Microbial indicators for herbivore and carnivore animals
Indicator families were analyzed for each of the four
(sub-)orders and each possible combination using the
IndVal.g function. We identified a total of 276 indicator
families, most of them for herbivores, especially for Peris-
sodactyla (Table 1). With 18 indicator families, Canoidea
and Feloidea share less indicators than Perissodactyla
and Ruminantia and only minor proportions of indica-
tor families were found in combinations of herbivore and
carnivore species. The complete results are presented in
the Additional file 5.

Almost all predicted indicator families show high A
values, meaning that this indicator only occurs in the
tested (sub-)order, but is not necessarily spread across
all of its members. In contrast, the B values, showing

Table 1 Microbial indicators for different animal (sub-)orders
and their combination

(sub-)order Number of
indicator
species

Canoidea 10

Feloidea 6

Perissodactyla 43

Ruminantia 16

Canoidea + Feloidea 18

Perissodactyla 4+ Ruminantia 42

Canoidea + Perissodactyla 1

Canoidea + Ruminantia 3

Feloidea + Perissodactyla 2

Canoidea + Feloidea + Perissodactyla 3

Canoidea + Feloidea 4+ Ruminantia 6

Canoidea + Perissodactyla + Ruminantia 4

Feloidea + Perissodactyla + Ruminantia 2

Indicators were assigned at microbial family level
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the distribution of an indicator across all taxa, are much
more variable. Indicator families restricted to Canoidea
are Gemellaceae (A=1.00, B=0.03) and Xiphinemato-
bacteraceae (A=1.00, B=0.02), but they do not occur
in all the samples. Regarding the Feloidea, no exclu-
sive indicators were found. However, Coriobacteriaceae
(A=0.88, B=0.88) are strongly related to this suborder
and distributed among nearly all members. In general, all
indicator families associated to the Carnivora show low
B values, which might be a further indication of greater
diversity within the two suborders as seen in the PCoA
analysis. However, this view changes when one considers
the indicator families that occur in both the Feloidea and
the Canoidea. In particular, Enterobacteriaceae (A=0.98,
B=0.94), Clostridiaceae (A=0.96, B=0.95) and Fuso-
bacteriaceae (A=0.99, B=0.83) occur in almost all Car-
nivora species and appear to be clear indicator families
for those in general. Additionally, these families are also
the most dominant ones in the Carnivora fecal microbi-
ota composition (Fig. 1b).

In contrast, more indicator families were found in Per-
issodactyla and Ruminantia. Fibrobacteraceae (A=0.81,
B=0.97), Synergistaceae (A =1.00, B=0.75), Defluviital-
eaceae (A=0.88, B=0.80) and Methanocorpusculaceae
(A=0.79, B=0.88) occur almost exclusively in Perisso-
dactyla and are present in almost all species. For rumi-
nant species, one of the most prominent indicators are
Barnesiellaceae (A=0.89, B=0.72) and Atopobiaceae
(A=0.73, B=0.46), which occur in many members of
this suborder. Looking at the combined indicators of Per-
issodactyla and ruminants, many microbial families are
found almost exclusively in those two (sub-)orders and
are present in all taxa. Again, those indicator families are
among the most dominant ones in the taxonomy plot
(Fig. 1b) i.e. Spirochaetaceae (A =0.99, B=1.00), Rikenel-
laceae (A=0.96, B=0.99) and Oscillospiraceae (A=0.87,
B=0.90).

Discussion

The aim of this work was to conduct a study on the vari-
ability of the microbiota of zoo-housed carnivore and
herbivore species, with a focus on the four (sub-)orders
Canoidea, Feloidea, Perissodactyla and Ruminantia. In
contrast to previous studies using just a few samples per
species, we analyzed multiple samples per species and
compared the microbiota of species from different loca-
tions. Our study results in two main findings. Firstly, we
found significant differences in the microbiota composi-
tion of carnivorous and herbivorous species, as well as a
significant higher alpha diversity in herbivores. Secondly,
we found closer similarities and less variability in the
fecal microbiota of Perissodactyla and Ruminantia com-
pared to higher deviations in Carnivora, which has some
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important methodological implications as discussed
below.

Differences in the microbiota composition

between carnivores and herbivores

We found significant differences in the fecal microbial
composition between herbivore and carnivore species.
The most dominant bacterial families found in herbivore
species are Spirochaetaceae, Lachnospiraceae, Rikenel-
laceae and Oscillospiraceae. The first two mentioned
occur more frequently in Perissodactyla, whereas the
latter two appear on average more often in ruminants.
Those results are in line with the in-depth study on Afri-
can herbivores [19], who also found Oscillospiraceae as
the most dominant family in ruminants such as giraffes,
cattle or hartebeests. Nevertheless, our study showed
greater proportions of Rikenellaceae in ruminants. Both,
Oscillospiraceae and Rikenellaceae, have recently been
characterized as herbivore specific bacteria in a covari-
ance network analysis [18], with Oscillospiraceae being a
major player in cellulose degradation and therefore being
related to a herbivore and fiber-rich diet [31]. Another
link to the study on African herbivores [19] is the appear-
ance of Spirochaetaceae, especially in zebras, as repre-
sentatives of Perissodactyla. Similar to Oscillospiraceae,
this family is responsible for fiber digestion and there-
fore essential for the herbivore digestive system [32, 33].
Besides Spirochaetaceae, we found Lachnospiraceae as
another main family in Perissodactyla. This family has
been detected in the human intestine as well as in the
rumen and digestive system of different mammals [34,
35]. Bacteria belonging to this family such as Roseburia
or Lachnospira are involved in the production of SCFAs
by hydrolyzing sugars (e.g. starch) and were found to be
associated with the consumption of plant protein and
fiber [36, 37]. Additionally, the abundance of Lachno-
spiraceae can decrease with regard to a high-protein diet,
indicating a minor role in protein metabolism [38]. Those
major bacterial families found in herbivorous animals are
mainly capable of carbohydrate digestion like starch or
maltose, allowing the host to gain enough energy from
the plant-based diet.

In contrast, the main bacterial families found in Car-
nivora are Fusobacteriaceae, Clostridiaceae, Bacteroi-
daceae and Peptostreptococcaceae. Fusobacteriaceae are
often linked to a high-fat and protein-based diet and were
observed in different carnivores, with Fusobacterium
previously being classified as a carnivore specific bac-
terium [18, 39]. This bacterial family is able to produce
SCFAs using carbohydrates or amino acids [40] and it has
been shown that Fusobacteriaceae are more common in
carnivorous Carnivora than in omnivorous or herbivo-
rous Carnivora [41], which is consistent with our study.
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Both, Clostridiaceae and Bacteroidaceae, being domi-
nant in carnivore families in our study have already been
detected in the gastrointestinal microbiota of different
predators [18, 39, 42, 43]. While Clostridiaceae appear
to be important for protein metabolism, Bacteroidaceae
occur in combination with a fiber-rich diet and are not
affected by protein intake [44—46]. In summary, our
results show the highest proportion of Bacteroidaceae
in bat-eared foxes as well as the highest proportion of
Clostridiaceae in polar bears, which partly matches this
theory. However, we could not find major differences for
these two bacterial families.

Beside significant differences in the microbial taxo-
nomic assignment between carnivorous and herbivorous
mammals, we also found a significantly higher microbial
alpha diversity in Ruminantia and Perissodactyla com-
pared to Carnivora. This might be due to the more com-
plex digestive system of herbivorous species and their
dependence on microbes to break down cellulose. This
relationship has been shown previously for several spe-
cies [35, 39, 41, 47, 48]. Furthermore, herbivorous mam-
mals are known to rely on microbial metabolic pathways
to a greater extent than carnivores [18].

In addition to confirming previous studies on the car-
nivore microbiota, we have also found some species
that deviate from previous assumptions, namely both
bear species, the red panda and the fossa. Contrary to
the other Carnivora, Fusobacteriaceae only occur in
minor proportions within red pandas and brown bears,
but Erysipelochtrichaceae are enriched in these animals.
Furthermore, both bear species and the red pandas con-
sist of major proportions of Enterobacteriaceae but only
of minor proportions of Bacteroidaceae—similar to the
fossa. Within the PCoA plot of beta diversity (Fig. 3B),
the fossa samples lie within those of other felids, whereas
the two bear species as well as the red pandas form a
separate cluster apart from the Feloidea and the Canidae.
The most influencing factors for fecal microbiota compo-
sition are described to be diet and phylogeny [17, 32, 49].
Because the omnivorous diet of the analyzed bears was
similar to that of the other Canoidea as e.g. the Vulpini
species which form an own cluster, and even the red
pandas were fed an omnivore diet in half of the analyzed
zoos, it is unlikely, that this separation is mainly influ-
enced by diet. Another factor influencing the microbial
composition is the host phylogeny. Bears, red pandas and
fossa all evolved separated from other members of the
respective suborder. The fossa as a Malagasy carnivore
evolved distinct from other Felidae as a sister clade to
the Herpestidae about 18—-24 Mya ago [50, 51]. Regard-
ing the Caniformia, the Arctoidea clade split in a rapid
radiation about 43 Mya in three superfamilies Ursoidea,
Pinnipedia and Musteloidea. Within these, the Ursidae
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evolved about 18 Mya ago, whereas the Ailuridae evolved
about 33 MYA ago as a sister clade to Mephitidae, Pro-
cyonidae and Mustelidae [52-55]. In recent years, the
theory of co-evolution between host and microbes arose
and continues to be proven. It states that bacterial sym-
bionts adapt to e.g. dietary changes of the host and the
host in turn adapts to the changed microbiota or that
allopatric speciation of the host might even lead to co-
phylogenetic patterns between microbes and host [16, 17,
56-58]. Although this was not analyzed in this study, our
results may suggest a co-evolution between gut microbes
and host phylogeny in different mammalian (sub-)orders.
Furthermore, the results indicate that there are clear dif-
ferences between herbivore and carnivore species but
that there are several deviations from previously pub-
lished gut microbiota.

Close similarity in the fecal microbiota

of herbivores and great diversity

within the carnivores

Beside significant differences between herbivore and
carnivore species, our results reveal a closer similar-
ity in the fecal microbiota of Perissodactyla and Rumi-
nantia compared to higher deviations in Carnivora.
Although there are several studies that describe either
a distinct clustering of herbivores and carnivores due
to differences in diet or phylogeny or a clustering of
herbivorous carnivores to other Carnivora [16, 39, 41,
47, 49], none of them has yet referred to the variability
of the microbiota within these taxa. A first indication
of greater uniformity within Perissodactyla and Rumi-
nantia is the larger variety of indicator species than
for Carnivora, which can be explained with an over-
all higher alpha diversity as well as a closer similarity
of the fecal microbes in herbivores. Furthermore, the
Carnivora indicators are not distributed equally across
all species, indicating a greater intra- and interspe-
cies variation within this order. These differences are
further illustrated in Figs. 4 and 5 showing the coef-
ficient of variation within herbivores and carnivores.
Here, the coefficient of variation is much higher in
low-abundant microbial families compared to high-
abundant families. One explanatory approach for the
higher deviation within the Carnivora is the diet. While
the analyzed herbivores are mostly fed on hay, alfalfa or
grass throughout the year, the diet and its composition
is more variable in carnivores. Especially omnivorous
Carnivora such as most Canoidea are fed on a variety of
food sources as fresh and kibble meat, fruits, vegetables
or insects. But even hypercarnivore species undergo
daily changes in meat origin or preparation (e.g. whole-
body or sheer meat). For canids and felids, it is shown
that the fecal microbiota is greatly altered by diet and
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dietary changes. Especially changes in the proportion
of carbohydrates and protein influence the necessary
gut bacteria, i.e. Prevotella or Fusobacteria respectively
[42, 43, 59-61].

These differences in the microbial variability of carniv-
orous fecal samples also have important methodological
implications. It is therefore necessary to adapt the num-
ber of samples being analyzed to the species to be studied
in order to obtain meaningful results. Herbivores are very
similar in terms of their microbial composition. In rumi-
nants, Oscillospiraceae, Lachnospiraceae, and Rikenel-
laceae appear to dominate as the major bacterial families
[16, 19] and this is evident in studies using different sam-
ple sizes. For example, the core results of a study on five
giraffe samples are consistent to a similar study on more
than 50 giraffe samples and the same pattern can be seen
in regard to studies on elands [19, 47, 62] or zebras rep-
resenting Perissodactyla [16, 19]. These results are in line
with the low CV that we found in herbivores. Neverthe-
less, we found species-specific differences for the major
bacterial families within herbivores as well. Giraffes show
very low variability in Rikenellaceae and Prevotellaceae,
so these differences should be visible even in very few
samples analyzed. In contrast, wildebeest samples are
highly variable for those two families, resulting in the
need to analyze at least 15 samples to control for these
variations.

The Carnivora microbiota in general is much more var-
iable, which is expressed in a higher CV compared to that
of Perissodactyla and Ruminantia. Especially within this
order, it is therefore important to analyze a reliable num-
ber of samples in order to characterize the microbiota.
This is also illustrated by the fact that previous studies
on carnivores yield significantly different results on the
composition of the fecal microbiota. For example, studies
using just two or three fecal fox, polar bear or bush dog
samples [16, 47] found great differences in the proportion
of Prevotellaceae and Fusobacteriaceae. The same pat-
tern was observed for Feloidea, in studies on just a few
cheetah and lion samples which could only detect minor
proportions of Fusobacteria, whereas a study using more
than 60 animals reported about 20% Fusobacteria in
cheetahs [16, 63—66]. In this study, we found Fusobac-
teriaceae across all Carnivora species in highly different
proportions. Within the brown bear samples, this fam-
ily is present on average in 4.3%, which explains the high
coeflicient of variation even when using a high amount
of samples. But also within the lion and tiger samples, in
which the proportion of Fusobacteriaceae with an aver-
age of 18.3% and 23.5% is considerably higher, the CV for
this family only becomes constant with 10 samples being
analyzed (Fig. 5). This strengthens our finding that low-
abundant bacterial families are more variable in the fecal
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microbiota of mammals, and the necessity of analyzing
multiple samples to reduce uncertainties that can occur
with small sample numbers (n=3 or 6).

Considering the highly variable microbiota of Canoidea
and Feloidea and the more constant microbiota of Rumi-
nantia and Perissodactyla, it is important to select an
appropriate number of samples for further analysis.
Depending on the methodological approach, it should
be noted that low-abundant bacterial families are often
subject to greater fluctuations than high-abundant ones,
and that there seem to be species-specific differences in
microbiota variability within these animal (sub-)orders.

External influencing factors on the microbiota
of zoo-housed animals
An often mentioned criticism on the microbiome analy-
sis of zoo animals is the fact that captivity might lead
to a reduced microbial alpha diversity in some species
[67, 68]. Reasons for this may include a different dietary
composition, the use of additives and medicines, or the
artificial enclosure design. To address this point of criti-
cism, we have compared some of our data with the meth-
odologically comparable study by McKenzie et al. [69].
They stated, that not all mammalian families are affected
equally by a loss of microbial diversity as an effect of
captivity. For example, the authors found a significant
decrease in the Shannon index in canids. In our dataset,
canids of the same species show a Shannon index which
is higher than that of their captive samples and which
is even more similar to the wild samples. Furthermore,
the authors mentioned Bovidae and Giraffidae not to be
impacted by captivity as they obtained comparable Shan-
non values in the wild and in captivity. Here too, our
results are comparable with the diversity measurements
of their wild samples. Another interesting finding of their
study is that the alpha diversity of captive Rhinocerotidae
is even increased, we calculated a Shannon index that is
very similar to those enlarged value for captive rhinos.
Even though the alpha diversity is only one component in
the analysis of the fecal microbiota, and a comprehensive
comparison would of course need to include the sample’s
taxonomic composition as well as beta diversity, these
results provide first indications for a better understand-
ing of the microbiota diversity of zoo animals.
Nonetheless, our primary goal is to generate a data-
set that contains numerous mammalian species, with
a defined number of samples per species from dif-
ferent locations (zoos) to get an overall view of spe-
cies-specific deviations in the fecal microbiota. Even
if some species are subject to the captivity effect of
reduced microbial diversity, all the samples are equally
affected by this and therefore the results themselves
are not biased. Rather, the respective zoo could be an
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external influencing factor on the fecal microbiota and
to control for this effect, we conducted a multinomial
regression. Regarding the whole dataset of microbial
abundance data, the species-specific effect outweighs
the effect of the housing location (zoo). Nevertheless,
the respective zoo has slight influence on the fecal
microbiota which can be caused by for example differ-
ent feeding regimes, co-habitation and interaction of
different species or the enclosure equipment. Further-
more, this zoo-specific effect differs between species
and ranges from zero effects (e.g. Cheetah, Red panda)
to greater effects in wildebeests or suricates. However,
as we only focus on zoo-housed animals and our main
focus in this study is not to compare those samples to
samples from free-ranging animals, the housing loca-
tion as influencing factor should balance out across all
zoos. Nevertheless, we are aware that the microbiota of
wild animals may differ from our results, and our find-
ings clearly relate to captive animals. For them, how-
ever, they provide a comprehensive database on which
further research can be conducted.

Conclusions

To the best of our knowledge, this is the first study
focusing on the microbiota variability of a wide range
of carnivore and herbivore mammals by analyzing
multiple samples per species in different locations.
Our results support already existing theories such as
a greater alpha diversity in herbivores or the general
description of major bacterial families in Perissodactyla
and Ruminantia species. Additionally, we found some
species as the brown and polar bear, red panda or fossa
that deviate from other members of their diet group.
Phylogeny and host-microbe co-evolution may have a
greater effect on fecal microbial composition here. In
addition, we show that the microbiota of ruminants
and Perissodactyla is more similar within the respec-
tive (sub-)order than within Carnivora. This results in
a lower minimum number of samples that need to be
analyzed to decipher the total fecal microbial diversity.
For most of the bacterial families and animal species
studied, our results show larger deviations when only
a few samples (n=3 or 6) are considered. In general,
these deviations become smaller when 10 samples or
more are considered and should thus be sufficient to
provide a good insight into the fecal microbiota.

For further research, it will be interesting to investigate
whether the greater variability of the Carnivora micro-
biota also applies in short-term time series analyses of
a few days and which bacterial families remain constant
or contribute to daily fluctuations in the fecal microbial
composition.
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Methods

Sample collection

Between April 2018 and August 2020, 621 samples were
taken from 31 carnivore and herbivore species in a total
of 20 German zoos (see Additional file 1). Non-invasive
sampling was mostly performed during the daily clean-
ing routines of the enclosures in cooperation with the
keepers. The samples were collected across four animal
(sub-)orders, including Canoidea and Feloidea as repre-
sentatives of the Carnivora, as well as Perissodactyla and
Artiodactyla (only Ruminantia) as herbivores. For each
species, a minimum of five samples across at least three
different zoos was collected (except for Vulpes lagopus,
Equus zebra and Panthera onca) When individual differ-
entiation was not possible, fresh samples were collected
from different locations in the enclosure to increase the
likelihood that the samples are derived from different
individuals. Only fresh fecal samples of different indi-
viduals were collected in previously disinfected 50 mL
centrifuge tubes using sterile inoculation loops. In the
next step, a subsample was taken from the center of the
feces and transferred to a sterile 2 mL cryotube, which
was then immediately stored in liquid nitrogen. All appli-
cable international, national, and/or institutional guide-
lines for the care and use of animals were followed by
the zoos. For further processing, the samples were deliv-
ered to StarSEQ GmbH in Mainz, Germany. Here, the
samples were preprocessed with the Precellys® Evolu-
tion Homogenizer (Bertin Instruments, Rockville, USA)
and DNA extraction was performed using the QIAamp®
PowerFecal DNA Kit (Qiagen, Hilden, Germany). The
DNA concentration in all extracts was measured using a
NanoDrop spectrophotometer (Thermofisher, Massachu-
setts, USA).

16S rRNA gene sequencing and data processing

PCR amplicons for the V3—-V4 region of the 16S rRNA
gene were generated with primer pair 341F and 806R.
Pooled amplicons were sequenced with the Illumina
MiSeq 2 x 250 v3 kit for 600 cycles at StarSEQ GmbH. To
control for sequencing quality, a 25% PhiX control library
was added to the run. Samples were processed following
the QIIME 2 [70] pipeline. After demultiplexing, DADA2
[71] was used to call amplicon sequence variants (ASVs)
which reflect the biological sequence without clustering
similar sequences on a given threshold. A phylogenetic
tree was inferred for all sequences based on a sequence
alignment generated by MAFFT and low-abundant
ASV’s that occurred less than 10 times in the total data
set as well as chloroplast and mitochondrial sequences
were removed from the dataset. The taxonomic assign-
ment of ASVs was performed using a pre-trained naive
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Bayes classifier [72] based on SILVA 138 full-length
sequences [73]. The following statistics were performed
in R version 3.6.3 [74] using the packages vegan [75] and
FSA [76]. To test for differences in the taxonomic com-
position between the four mammalian (sub-)orders,
ANOSIM test was performed on dissimilarity matrices
with Bray—Curtis distances. Alpha diversity was deter-
mined by Shannon index, the effective number of species
(ENS) [77, 78] and richness which were calculated using
QIIME2 after rarefying the number of reads per sample
to a total of 2,300 reads. Afterwards, differences between
groups were tested using the Kruskal-Wallis test, fol-
lowed by a post-hoc Dunn Test with Bonferroni correc-
tion in R. Beta diversity was also calculated in Qiime2
core-metrics on the rarefied ASV table using unweighted
and weighted UniFrac distances. Subsequently, a test for
homogeneity of dispersion and the Adonis test for differ-
ences between groups was performed on the four (sub-)
orders as well as on diet type (herbivore, carnivore). To
calculate differences in the occurrence of bacterial fami-
lies within carnivores and herbivores, the coefficient of
variation (CV) was calculated for the respective major
bacterial families. The coefficient of variation is a meas-
ure of relative variability of sample data and is calculated
as the ratio of the standard deviation to the mean. An
advantage of this measurement is that it is unitless and
independent of the data scaling, which makes it particu-
larly well suited to describe the dispersion of a parameter
(here the abundances of individual bacteria families). For
further analyses, subsets of the taxonomic assignment of
the wildebeest, giraffe, plains zebra, tiger, brown bear and
lion were created. Samples of the respective species were
randomly drawn until a total sample number of 3,6, 10,
15 and 25 was reached. In addition, three replicates were
created for each of these subsets.

For the most-abundant bacterial families, the CV was
calculated on those replicates. To control for zoo as a
possible influencing factor on the fecal microbiota, we
performed a multinomial regression model on differen-
tial abundances using Songbird [79]. On the one hand
we applied the model on the whole dataset setting ‘zoo’
and ‘species’ as explanatory variables and evaluated
this against a null model. On the other hand, the same
regression was performed on a species-specific subset
of microbial abundance data set as dependent variable
and ‘zoo’ as explanatory variable. Furthermore, indica-
tor species for each (sub-)order were identified using the
indicspecies R package [80]. The IndVal value calculates
the associations between species and sites, followed by a
permutation significance test (n=999, a=0.05). Indica-
tors were assigned at microbial family level. To create an
approximate host phylogeny, the TimeTree database was
used on the involved species names.
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Abstract

Fecal microbiota variability and individuality are well studied in humans and also in
farm animals (related to diet- or disease-specific influences), but very little is known
for exotic zoo-housed animals. This includes a wide range of species that differ greatly
in microbiota composition and variation. For example, herbivorous species show a
very similar and constant fecal microbiota over time, whereas carnivorous species ap-
pear to be highly variable in fecal microbial diversity and composition. Our objective
was to determine whether species-specific and individual-specific clustering patterns
were observed in the fecal microbiota of wildebeest (Connochaetes taurinus) and tigers
(Panthera tigris). We collected 95 fecal samples of 11 animal individuals that were each
sampled over eight consecutive days and analyzed those with lllumina MiSeq sequenc-
ing of the V3-V4 region of the 16SrRNA gene. In order to identify species or individual
clusters, we applied two different agglomerative hierarchical clustering algorithms - a
community detection algorithm and Ward's linkage. Our results showed that both,
species-specific and individual-specific clustering is possible, but more reliable results
were achieved when applying dynamic time warping which finds the optimal alignment
between different time series. Furthermore, the bacterial families that distinguish in-
dividuals from each other in both species included daily occurring core bacteria (e.g.,
Acidaminococcaceae in wildebeests or Clostridiaceae in tigers) as well as individual
dependent and more fluctuating bacterial families. Our results suggest that while it is
necessary to consider multiple consecutive samples per individual, it is then possible
to characterize individual abundance patterns in fecal microbiota in both herbivorous
and carnivorous species. This would allow establishing individual microbiota profiles of
animals housed in zoos, which is a basic prerequisite to quickly detect deviations and

use microbiome analysis as a non-invasive and cost-effective tool in animal welfare.
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1 | INTRODUCTION

In recent years, much research has been conducted to analyze the
composition and diversity of gastrointestinal microorganisms and
their impact and interaction with the host organism for various
animal species as well as for phylogenetic and dietary groups (Koh
et al., 2016; Ley et al., 2008; Milani et al., 2020; Nelson et al., 2015;
Sanna et al., 2019; Youngblut et al., 2019). In addition to simply
characterizing the species-specific microbiome, other questions in-
clude whether microbiomes remain stable or are subject to fluctu-
ations over time, the frequency at which these fluctuations occur,
and which bacterial taxa are affected by them. Particularly in the
early years of microbiome research, some studies proposed an in-
dividual long-term stable microbiome in humans, with some bacte-
rial taxa being persistent over a yearlong sampling interval (Bjork
et al., 2019; Faith et al.,, 2013; Hildebrand et al., 2021; Martinez
et al.,, 2013; Schloissnig et al., 2013). In contrast, other longitudinal
studies suggest that the individual human microbiome is highly vari-
able over time (Caporaso et al., 2011; Olsson et al., 2022). Especially
intra-individual variation seems to outweigh inter-individual vari-
ation with regard to daily fluctuation, as the majority of bacterial
taxa show great shifts in abundance. Furthermore, high-abundant
taxa seem to express less variation than low-abundant taxa and the
extent of variation is constant over time (Vandeputte et al., 2021;
Zoelzer et al., 2021). In contrast, there are few time-series data on
the natural variation in the fecal microbiome in various animal spe-
cies. The studies conducted here (primarily on farm animals) mostly
refer to the influence of dietary changes (Butowski et al., 2019; Lyu
et al., 2018), impact and courses of diseases (Ayoub et al., 2022;
Mamun et al., 2020) or the development of juvenile animals (Amin &
Seifert, 2021; Guevarra et al., 2019; Wang et al., 2019). Only some
studies refer to natural oscillations of different bacterial taxa (Bjork
etal., 2022; Rojas et al., 2023), finding evidence for diurnal rhythmic-
ity in microbial diversity and composition, e.g. in dairy cows (Shaani
et al., 2018) or meerkats (Risely et al., 2021).

For this reason, our study examined the daily course of the
fecal microbiota in two animal species with fundamentally differ-
ent digestive systems, namely tiger (Panthera tigris) and wildebeest
(Connochaetes taurinus) in order to identify natural microbial abun-
dance patterns. These two species are especially suited for time
series analyses for several reasons. First, ruminants depend on bac-
terial fermentation to digest cellulose and, therefore, show a high
microbial fecal diversity whereas carnivores with a less complex
digestive system have a lower microbial diversity (Guo et al., 2020;
Milani et al., 2020; Vital et al., 2015). Second, ruminants seem to
have a high similarity in their microbiota, whereas the microbiota
of felids is highly variable (Petri et al., 2013; Snelling et al., 2019;
Zoelzer et al., 2021). Here, we survey the fecal microbiotas of ti-
gers and wildebeest and determine whether they are species-and
individual-specific, and whether specific bacterial families can help
distinguish the different groupings.

Cluster algorithms are now widely used not only in social
(Hoffman et al., 2018) or technological (Faloutsos et al., 1999)

but also in biological and health-related (Bhar et al., 2022; Fell &
Wagner, 2000) network analysis. The fecal microbiota can also be
considered a network in which the microbial composition of a sample
represents the nodes and the distance between the samples and the
respective edges of the network. In this network, closely connected
nodes form a community that shares only a few edges with neigh-
boring communities. To identify microbial communities, we used two
different agglomerative hierarchical clustering algorithms—a com-
munity detection algorithm and Ward's linkage. Community detec-
tion tries to find groups of nodes that are highly connected to each
other forming a cluster while Ward's linkage is based on the distance
between clusters, aiming to minimize the variance within a cluster
(Newman, 2004; Ward, 1963). In order to enhance the clustering
results, we utilized dynamic time warping to synchronize the time
series datasets and adjust for any discrepancies in sampling points.
As a few studies have used dynamic time warping followed by clus-
tering algorithms to measure the similarity between individual time
series or to identify the abundance pattern of bacterial taxa over
time (Armoni & Borenstein, 2022; Muinck & Trosvik, 2018; Ponziani
et al., 2022), we would like to extend this approach. After clustering
the individual time series, we try to identify the correct species or
individual based on the microbiota composition.

Applying this approach to individual time series data of two
species, we developed two hypotheses. First, we expect a clear
species-specific clustering due to the previously described signifi-
cant differences in fecal microbiota composition and diversity be-
tween carnivore and herbivore species. Second, individual-specific
microbiota clustering works more reliably in tigers than in wilde-
beests because the herbivore microbiota is too stable within individ-
uals to identify characteristic individual variation. Nevertheless, if
not only species-specific but also individual abundance patterns can
be detected in different bacterial families and thus an individual can
be identified over a time variable microbiota, this leads to several
future application areas. In zoo animal husbandry, animal welfare
plays a major role, e.g. in veterinary care. Using an individual fecal
microbiota profile, deviations from natural fluctuations can be de-
tected easily, inexpensively, and non-invasively. This would provide
an additional and easily accessible monitoring tool for the health of

Z00 animals.

2 | MATERIALS AND METHODS
2.1 | Sample collection

In the period from May 2018 to November 2020, 95 fecal samples
were collected from 11 individuals, six tiger, and five wildebeests,
housed in five German zoos (Table S1). The collection plan included
a time series of eight consecutive days in which one fecal sample per
day and individual was collected if available (Table A1). At least two
individuals per species were sampled from each zoo. Due to sample
availability, we included a total of two time series from three indi-
viduals (one tiger and two wildebeests) in the analysis to capture
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possible temporal variation in the microbiota. Sampling was per-
formed non-invasively by animal caretakers during the daily enclo-
sure cleaning routine. The samples were immediately transferred to
sterile cryotubes and stored in liquid nitrogen until further process-
ing. We followed the EAZA research standard guidelines for the care
and use of animals.

Further preparation of the samples was carried out by StarSEQ
GmbH in Mainz, Germany. First, the samples were homogenized
(Precellys® Evolution Homogenizer, Bertin Instruments, Rockville,
USA) and subsequently DNA extraction was performed using the
QlAamp® PowerFecal DNA Kit (Qiagen, Hilden, Germany). A
NanoDrop spectrophotometer (Thermofisher, Massachusetts, USA)
was used to measure the DNA concentration.

2.2 | 16S rRNA gene sequencing and
data processing

At StarSEQ GmbH, the V3-V4 region of the 16S rRNA gene was
sequenced by a dual-index strategy based on the protocol of
(Caporaso et al., 2012) with minor modifications. Amplicons were
generated by a single-step of 33 cycles using the primer combina-
tion 341f and 806bR (Apprill et al., 2015; Takahashi et al., 2014).
The final library was sequenced on the lllumina MiSeq platform
in paired-end mode (300nt) with a 25% PhiX control library.
Samples were analyzed according to the QIIME 2 pipeline (Bolyen
et al., 2019). As described in previous work (Zoelzer et al., 2021),
DADAZ2 (Callahan et al., 2016) was applied to determine ampli-
con sequence variants (ASVs), and a phylogenetic tree was con-
structed for all sequences using MAFFT sequence alignments
(Katoh et al., 2002). Low abundance features that are covered
by less than 10 sequences, chloroplast, and mitochondrial se-
quences were removed from the dataset. Taxonomic assignment
of ASVs was performed using a pre-trained Naive Bayes classifier
(Bokulich et al., 2018) based on the SILVA 138 full-length database
(Quast et al., 2013). The following statistical analyses were per-
formed in R version 3.4.1 (R Core Team, 2020) using the packages
vegan (Oksanen et al., 2019) and FSA (Ogle et al., 2022). To test for
individual and interspecific differences in the microbial composi-
tion, ANOSIM test was performed on dissimilarity matrices with
Bray-Curtis distances. Differences in microbial richness between
and within species were tested using ANOVA, followed by a post
hoc pairwise t-Test with Bonferroni correction.

Most methods for time series analysis require that the time in-
tervals between samples are equidistant, which can be difficult if
the animals (mainly carnivores) do not reliably defecate on a daily
basis. In this study, we solved the problem using a combined ap-
proach of dynamic time warping followed by a clustering algorithm
to ensure the comparability of individual time series data and con-
trast the results with a method using k-nearest-neighbor as the
classifier (Figure 1). The whole clustering pipeline is implemented in
Matlab version 9.11 (The MathWorks Inc., 2020) using the software
CASE (Schneider et al., 2022). Accordingly, we applied two different
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approaches to cluster the data (Figure 2). On the one hand, all sam-
ples were clustered individually (Single clustering). This was done by
using k-nearest-neighbor-search (Friedman et al., 1977) which de-
termines for each object Ni (fecal sample) its k-nearest neighbors
with the smallest Euclidean distance and creates a distance matrix
which serves as an input for the subsequent creation of a Jaccard
similarity matrix. On the other hand, samples of the same individ-
ual were combined as a time series (Time series clustering) and first
compared using dynamic time warping (DTW). The DTW algorithm
(Paliwal et al., 1982; Sakoe & Chiba, 1978) is designed to compare
two time series by calculating the Euclidean distance between them.
To achieve this, each element of the two time series (or columns for
matrices) is repeated until the Euclidean distance is minimized. The
output is a distance matrix, which again is used to create a Jaccard
similarity matrix.

In both cases, Ward's linkage and a community detection algo-
rithm are applied to the dataset. Ward's linkage is a type of hierarchi-
cal cluster analysis technique that involves evaluating the distance
between two clusters through the linkage function. This function is
computed by measuring the increase in error sum of squares (ESS)
that occurs when two clusters are merged into one. Ward's method
aims to minimize the increase in ESS during each clustering step
by selecting the most appropriate clustering steps (Ward, 1963).
Here, the number of clusters was determined automatically by es-
timating the most consistent cluster solution in the dendrogram.
Cluster solutions with two or less clusters were ignored except
for the species-specific clustering, as two clusters were to be ex-
pected. Furthermore, we used a community detection algorithm
(Newman, 2004) as implemented in the software CASE (Schneider
et al., 2022). This agglomerative hierarchical clustering algorithm
groups vertices into clusters. It results in a hierarchical dendrogram,
where at the beginning each vertex is considered as a separate com-
munity. As the algorithm progresses, it merges pairs of communities
together based on the number of edges connecting their vertices,
resulting in clusters with many internal edges and relatively few
edges connecting vertices from different clusters (Fortunato, 2010).

To check the reliability of the cluster results, the normalized
mutual information (NMI) was calculated. The NMI compares the
determined labels of Ward's linkage and community detection with
each other and outputs a value between 0 and 1, where 1 corre-
sponds to an optimal match. Additionally, to evaluate the clustering
in terms of individual discrimination, the NMI was also calculated
against the true label. In this case, the true label refers to either the
correct species (wildebeest or tiger) of a sample or the correct in-
dividual within a species. This label is used within the pipeline to
compare the clustering results with the true and correct results. The
true labels could be clearly determined because the associated indi-
vidual was known when the fecal samples were collected. The fea-
tures (bacterial families) that best describe the differences between
the species and individuals in the dataset were calculated from the
true labels using the LASSO algorithm (Tibshirani, 1996). LASSO is a
type of shrinkage method that automatically reduces the influence
of less relevant features by making them smaller and less significant.
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FIGURE 1 Workflow of the clustering pipeline including single and time series clustering. Starting from a feature table, both methods
rely on a similarity matrix as input for the two clustering algorithms, Ward's linkage and community detection. As output, the samples within
a cluster are characterized by specific labels. In addition, the true labels (known species or individuals) were used as input to the LASSO

algorithm to identify individual- and species-specific bacterial families.

Additionally, it can perform variable selection by setting irrelevant
variables to zero. The whole pipeline was performed on the entire
dataset as well as on the wildebeest- and tiger-specific datasets to

test for intraspecific variation.

3 | RESULTS

In total, we analyzed 95 fecal samples of five wildebeests and six
tigers, performing lllumina MiSeq paired-end sequencing of the V3-
V4 region of the 16S rRNA gene. After preprocessing, the dataset
consisted of 5,662,914 sequences (5836-230,928 sequences per
sample) with an average of 59,610 sequences per sample. We found
a significantly higher species richness in wildebeests (ANOVA sta-
tistic: F=137.10, p<.001) than in tigers and very different microbial
composition between these two species (ANOSIM statistic: R=.89,
p <.001, number of permutations: 999, distance ="“bray”). Within the
respective species, the individuals analyzed had a significantly dif-

ferent microbiota, with some overlap (Wildebeest ANOSIM statistic:

R=.18, p=.001; Tigers ANOSIM statistic: R=.29, p=.003, number
of permutations: 999, distance ="bray”).

3.1 | Species-specific clustering of the microbiota

We found the highest support and strongest clustering of sam-
ples by species using dynamic time warping prior to clustering
with Ward's linkage. However, when using just single samples
without dynamic time warping, species-specific clustering was
not observed and samples were given incorrect species assign-
ments (Figure Al). In the best scenario, a species-specific as-
signment of all individual samples would result in two cluster
solutions—wildebeests and tigers. This was not possible with ei-
ther Ward's linkage (NMI, 4/, =0.25) or community detection
algorithm (NMli r..=0.69) (Table 1). When applying dynamic
time warping to the dataset which synchronizes the time series
samples for individuals, the overall quality of clustering increased.
reached

Regarding species discrimination, both algorithms
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FIGURE 2 Comparison of the two clustering approaches. (a) For the single clustering approach, each sample is considered individually.
The microbial composition of each sample as a single data set is used here as input for clustering. (b) For the time series clustering, a whole
time series of each individual consisting of up to eight samples are used as input data for the clustering pipeline. In both approaches, the
output cluster labels are compared with each other as well as with the true labels (correct species or individual per sample) by calculating the

NMI value.

TABLE 1 Clustering results of single and time series clustering.

NMI NMI NMI Number Number NMI NMI NMI Number Number
(com/ (Ward/ (com/ cluster cluster (com/ (Ward/ (com/ cluster cluster
Ward) True,, ) True,,) (Ward, ) (Com, ) Ward)  Trueg,.) Trueg,,) (Wardg,,) (Comg,)

Single clustering

Total 0.47 0.25 0.69 2 3

Tiger 0.68 0.18 0.01 4

Wilde-beest 0.81 0.39 0.54 3 4

Time series clustering

Total 0.82 1 0.82 2 3

Tiger 0.64 0.51 0.95 8 7

Wilde-beest 1 0.82 0.82 6 6

Note: The table shows the reliability of both algorithms (NMI) to each other and against the true species/individual label. Furthermore, the number of
calculated clusters for species detection (Spe) as well as for individual discrimination (Ind) is represented. The upper part of the table represents the
results for the single clustering approach and the lower part shows the results for the time series clustering. For individual discrimination, a minimum
of three cluster solutions is required while for species detection results with two cluster solutions are allowed.

comparable results (NMly, /o, =0.82). While community detec-
tion (NMICom/True

debeest individuals fall into one cluster and the tigers were split

=0.82) resulted in three clusters, in which all wil-

up into two clusters, Ward's linkage led to a correct assignment of

species (NMI =1) (Figure A1).

Ward/True

3.2 | Individual-specific clustering of the
microbiota

We then sought out to test whether our clustering approaches could
detect individual-specific clustering of the microbiota in tigers and

wildebeest. Due to significant differences in microbial diversity
and composition between the two species, the whole dataset was
separated into species-specific sets to analyze individual differences
within both species. For individual differentiation within the species,
the optimal result would consist of six cluster solutions for the tigers
and five for the wildebeests, one per individual. Comparing the la-
bels determined by single clustering with the true individual labels,
a low level of consistency was found (Table 1). For wildebeest, we
found that the best results were achieved using community detec-
tion (NMI
(Figure A1). In contrast, a correct individual assignment within the ti-
gers (NMly. 4 /7rue =018, NMI

com/True =0-54) which resulted in four different clusters

Com/True=0-01) was not possible using
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the single clustering approach. When dynamic time warping was
applied prior to clustering, individual discrimination was improved.
For wildebeests, both algorithms (NMI,,. ,/;n=1) led to the same
results. Except for two individuals, each time series was assigned
to a separate cluster here. For tigers, individual-specific clustering
led to more reliable results, especially when applying a community
detection algorithm (NMIInd:O.95). In this case, seven clusters were
calculated including one individual time series each. Different time
series of the same individual, no matter if wildebeest or tiger were
classified in different clusters by both algorithms in both clustering
algorithms.

3.3 | Identification of bacterial features that
explain species differences

Using the LASSO algorithm, bacterial families leading to the specific
cluster solution were identified. First, we compared all wildebeests
and tigers to identify the taxa that led to a species-specific cluster so-
lution using the known true labels for each species. Compared to the
wildebeests, the tiger-specific bacterial families were Clostridiaceae
and Fusobacteriaceae (Figure 3a). Both families are core bacteria in
all individuals, meaning that they appear in each consecutive sam-
ple (Caporaso et al., 2011). On average, Clostridiaceae constituted
between 5.75+3.23% and 38.09 +14.95% to the microbiota of
the seven tiger datasets. Within the microbiota of three individu-
als (Ind1_Z002, Ind2_Zo002, Ind2.2_Z003) this family had a share of
more than 24% on average. Fusobacteriaceae constituted between
2.12+1.89% and 25.26 + 6.64% on average to the tigers' microbiota.
This family either occurred in larger proportions of more than 20%
of the average microbiota or is represented by very small propor-

tions (<5%). Considering daily time intervals, both species-specific

bacterial families seemed to be subject to larger fluctuations as
can be seen in Ind2.1_Zoo3. Here, the average proportion of
Clostridiaceae increased from 11.81+6.68% to 38.09+14.95%
and that of Fusobacteriaceae decreased from 20.46+9.38% to
3.21 +3.24% within 2days.

In contrast to these results, wildebeest-specific bacte-
ria accounted for a much lower average proportion of the indi-
vidual microbiota (Figure 3b). The major wildebeest-specific
bacteria were Methanobacteriaceae and the phylum Spirochaetes.
Methanobacteriaceae as a core bacterial family in all individuals
occurred on average between 3.28+1.13% and 13.19 +4.28%
in each dataset. Spirochaetes constituted from 0.95+0.20% to
4.24 +1.07% to the wildebeest microbiotaand were also a core bac-
terial phylum in all individuals except for one. Dysgomonadaceae
and Clostridiaceae both occurred in <0.2% of all datasets.
Nevertheless, Clostridiaceae were a persistent family within three
individuals, being present in at least two consecutive sampling
days. Dysgomonadaceae, as a core bacterial family in Ind1_Zoo2,
constituted on average only 0.15+0.05% to the respective mi-
crobiota. Finally, the M2PB4-65 termite group only occurred in
minor proportions in both individuals of Zoo1 (Ind1=1.13+0.45%,
Ind2=0.69 +0.34%) but act as a core taxon in both of them.

3.4 | Identification of bacterial features that
explain individual differences

Second, the same approach was used to identify bacteria that
are responsible for the clustering of tiger individuals. The fea-
ture selection revealed seven bacterial families: Atopobiaceae,

Bacteroidaceae, Clostridiaceae, Enterobacteriaceae, Family

XlI, Methanobacteriaceae, and Prevotellaceae. Even though
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FIGURE 3 Comparison of the species-specific bacterial families that were identified with the LASSO algorithm. (a) Tiger-specific bacterial
families as proportion of the total microbiota. (b) Wildebeest-specific bacterial families as proportion of the total microbiota.
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Bacteroidaceae, Clostridiaceae, and Enterobacteriaceae occurred
daily in almost all individuals, individuals could be distinguished
based on specific bacterial combinations and fluctuations. The
microbiota composition of individuals from the same zoo is often
very similar (Figure 4a). For example, Prevotellaceae only appeared
in greater proportions as a core taxon in both individuals from
Zoo1l (Ind1_Zool: 16.46 +9.25%, Ind2_Zoo1: 20.70 + 15.49%) and
otherwise only occurred in smaller proportions within individuals
from Zoo2 (Ind1_Zoo2: 0.35+0.48%, Ind2_Zoo1l: 0.93+1.45%).
Additionally, the individuals from Zool showed a low average
proportion of Enterobacteriaceae being persistent members
(Ind1_Zool1: 1.75+1.71%, Ind2_Zool: 0.52+0.48%) while this
family was a core member in all other individuals. Both individuals
from Zoo2 also showed a lower proportion of Enterobacteriaceae
(Ind1_Zoo2: 1.28+1.82%, Ind2_Zo02: 1.17 +1.95%), but can be
distinguished from the former individuals because of a 10 times
lower average amount of Bacteroidaceae. The greatest proportion
of Enterobacteriaceae was found in Ind1_Zo003 (8.28 + 7.70%) and
Ind2.1_Zoo3 (22.84+22.58%) whereas this family is less abun-
dant in Ind2.2_Z003 (3.50 + 3.83%). Even if the examined tiger in-
dividuals from the same habitat seemed to be similar (Figure A2),
the time series clustering via the community detection algorithm
showed that individuals can be identified via individual abundance
patterns in their microbiota composition.

For individual discrimination within the wildebeests, the
LASSO algorithm identified 12 bacterial taxa: Bacteroidales
UCG-001, Muribaculaceae, p-251-05, p-2534-18S gut group,
Acidaminococcaceae, Saccharimonadaceae, Burkholderiaceae,
Moraxellaceae, Spirochaetaceae, COB P4-1 termite group,
Dysgomonadaceae and Tannerellaceae (Figure 4b). Even if most of
these were core bacteria in many individuals, their proportion on
the total microbiota is much lower compared to the tiger-specific
bacteria. For example, Acidaminococcaceae on average only oc-
curred between 1.46+0.40% in Ind2.1_Zoo2 and 2.60+0.49%
in Ind3.2_Zo02. Two individuals could not be discriminated from
each other and were classified in the same cluster (Ind1_Zoo1,
Ind1_Zo002). These two individuals were the only ones in which
p-2534-18S was found in the fecal microbiota. Because of the
wildebeest microbial composition being very similar across all an-
imals (Figure A2), individual clustering was based on low-frequent
but steadily occurring bacterial families. Nevertheless, it is possi-
ble to identify individual microbiota within the wildebeests using a
dynamic time-warping approach followed by a community detec-

tion clustering algorithm.

4 | DISCUSSION
4.1 | Evaluation of clustering algorithms
The aim of this study was to characterize abundance patterns in

species-specific as well as in individual-specific fecal microbiota in an
herbivore and a carnivore species over eight consecutive sampling
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days. Therefore, we chose two hierarchical agglomerative clustering
algorithms that are able to perform reliably on smaller and biological
datasets (Girvan & Newman, 2002; Terada, 2013; Yang et al., 2016).
The ability of Ward's linkage to correctly assign species was limited
when applying the single clustering pipeline. Possible limitations of
this cluster algorithm include unequal distribution of sample sizes,
the occurrence of outlier samples, and an elliptical rather than cir-
cular distribution of samples (Everitt et al., 2010). The former does
not apply to the dataset used, but the latter two points could be
a reason for the inadequate results of this algorithm since outlier
samples, in particular, are well possible due to daily fluctuations in
the microbiota. The limitations described above may also result in
the inability to unambiguously classify species using the community
detection algorithm in single clustering, resulting in three cluster so-
lutions instead of two.

In order to improve clustering results, we synchronized the
time series samples per individual with dynamic time warping to
balance uneven sampling points. This approach has recently be-
come the focus of meaningful interpretation of longitudinal data
sets. By aligning different time series, data sets become compa-
rable and temporal effects on the microbiota between or within
individuals can be evaluated (Armoni & Borenstein, 2022; Lugo-
Martinez et al., 2019; Muinck & Trosvik, 2018). The alignment of
the individual time series to each other also led to a significant
improvement in the cluster solutions in our study. Regarding the
time series clustering, Ward's linkage resulted in a correct species-
specific clustering when comparing the labels to the true species
labels. The community detection algorithm also resulted in a cor-
rect assignment of wildebeests but failed to correctly identify all
tiger samples. Nevertheless, this result confirms our assumption
and previous results due to the greater variability in the microbi-
ota within this species (Figure A2) (Karmacharya et al., 2019; Ning
et al., 2020; Zoelzer et al., 2021).

4.2 | Individual-specific clustering based on
longitudinal data

Both species differed significantly in alpha diversity as well as in mi-
crobial composition, which was to be expected and has already been
shown in several studies (Nishida & Ochman, 2018; Zhu et al., 2018).
To avoid biasing the cluster algorithms with these fundamental dif-
ferences, we split the dataset into two species-specific datasets to
test for individual variation in the microbiota. Similar to species-
specific clustering, the high variability in the microbiota of tigers
was probably responsible for the fact that no individuals can be
assigned via single clustering. Both algorithms formed non-specific
clusters, represented through a very low NMI when each sample
is considered individually. Nevertheless, we managed to consider-
ably improve the results of individual clustering by applying dynamic
time warping to the individual samples and thus synchronizing the
individual time series. The combination of up to eight samples per
time series provided the cluster algorithm with more information
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FIGURE 4 Comparison of the individual-specific bacterial families that were identified with the LASSO algorithm. (a) Individual-specific
bacterial families identified within all tiger individuals as proportion of the total microbiota. (b) Individual-specific bacterial families identified

within all wildebeest individuals as proportion of the total microbiota.

to process and thus led to more reliable clustering. In addition,
outlier samples which negatively influence the algorithms (Everitt
et al., 2010), could be correctly classified into the natural microbial
oscillations of an individual, which was not possible when consider-
ing each sample individually.

Limitations to successful individual assignment arose from
comparing different time periods of the same individual. While
eight consecutive samples were sufficient to characterize the indi-
vidual microbiota for exactly this period, more samples are needed
to close the gap between longer sampling intervals. A reason for
that might be the temporal dynamics of the fecal microbiota. Even
if we found individual abundance patterns in the microbiota, the
actual rhythm could be longer than 8days and would not be fully
captured in this study. Furthermore, other influencing factors that
are known to shape the microbiota as diet, habitat, or seasonal
shifts can lead to ongoing changes in the bacterial composition. In
zoos, wildebeests are typically sustained on a diet of hay, alfalfa,
or grass, which remains fairly consistent throughout the year.
In contrast, the diet of tigers is more variable and can undergo
daily changes in meat origin or preparation, such as whole-body
or sheared meat. Studies have shown that felids' fecal microbi-
ota is significantly affected by changes in diet and its composition,
particularly alterations in the ratio of carbohydrates to protein
(Bermingham et al.,, 2017; Butowski et al.,, 2019; Wernimont
et al., 2020). To control for the habitat as an influencing factor,
we also compared the clustering results with the true zoo-related
labels. However, we did not obtain meaningful results and there-
fore excluded the habitat factor from further analysis. Another

reason for the distinct time series clustering of the same individ-
ual might be seasonal adjustments of the microbiota. Seasonal
shifts in microbiota composition have been reported previously
in bisons (Bison bison) (Bergmann et al., 2015), musk deer (Moschus
spp) (Jiang et al., 2021), primates (Baniel et al., 2021; Sawada
et al., 2022), and also giant pandas (Ailuropoda melanoleuca) (Xue
et al., 2015). Given all these variables, it is clear that even in a
controlled habitat such as a zoo, changes or variations in feeding
schedules or enclosure design must be well documented and taken
into account when comparing longitudinal data sets.

4.3 | LASSO identified features for cluster

Once we assigned an individual microbiota to tigers and wilde-
beests, the next step was to identify the bacteria being responsible
for this distinction. Species-specific clustering was mainly influenced
by Fusobacteriaceae, Clostridiaceae, Methanobacteriaceae, and
Spirochaetes with the first two being tiger-specific and the last men-
tioned being wildebeest-specific bacteria. Both Fusobacteriaceae
and Clostridiaceae occurred within each individual and in each sam-
ple. This is in line with the results of our previous comparative study
in which we were able to show that exactly these two families are the
major families in many carnivore species (Zoelzer et al., 2021). Both
taxa are involved in protein metabolism and the production of short-
chain fatty acids (Basson et al., 2016; Bermingham et al., 2017; Vital
etal.,2014) and are more abundant in species with a high-fat diet such
as different predators (Bragg et al., 2020; Milani et al., 2020; Vital
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et al,, 2015). In contrast, Methanobacteriaceae and Spirochaetes
were core bacteria in nearly all wildebeest individuals. Herbivores
depend on microbial fermentation for carbohydrate digestion and,
for example, Spirochaetes are capable of producing short-chain
fatty acids from polysaccharide intake (Angelakis et al., 2019; de
Filippo et al., 2010). Accordingly, this phylum has been found less
in carnivores but more often in many herbivore species (Thingholm
et al., 2021; Zoelzer et al., 2021). Methanobacteriaceae play an im-
portant role especially in ruminants as wildebeests, as they use the
end products of microbial fermentation, CO, or H,, as substrates
to produce methane. This avoids an excessive increase in H, partial
pressure in the rumen and the ambient factors for microbial diges-
tive enzymes can be kept constant (Balch et al., 1979; Delzenne &
Cani, 2011; Hook et al., 2010; Morgavi et al., 2010; Patra et al., 2017).
All things considered, taxa that are responsible for species-specific
clustering are mostly core bacteria that are involved in the specific
herbivore or carnivore digestion process.

Additionally, we identified bacterial families that are necessary
to characterize the individual microbiota of tigers and wildebeests.
On the one hand, tiger individuals could be distinguished by core
bacterial families such as Clostridiaceae, Enterobacteriaceae, and
Bacteroidaceae. These are either involved in protein digestion or are
members of the normal carnivore fecal microbiota (Kerr et al., 2013;
Panasevich et al., 2015; Schwab & Ganzle, 2011; Xue et al., 2015).
Even though these occurred daily, they showed host-specific fluctu-
ations and can thus be used to determine individual differences. On
the other hand, not only variations in the core bacteria determined
the individual tiger microbiota but also individual-specific bacterial
families. These accounted for either a large (e.g. Prevotellaceae) or
small proportion (e.g., Atopobiaceae) of the total microbiota and are
known to undergo fluctuations in the carnivore fecal microbiota
(Guo et al., 2020; Ley et al., 2008).

In contrast to tigers, wildebeests showed a very uniform micro-
biota but nevertheless individual clustering and thus an assignment
to an individual microbiota based on specific bacteria was possi-
ble. Accordingly, variation of high abundant bacterial families could
not be responsible for individual differences as in tigers, but the
distinctions were in low abundant bacterial families. Nevertheless,
the pattern remained the same. General rumen-specific bacteria
such as Acidaminococcaceae or the phylum Spirochaetes (Savin
et al., 2022; Snelling et al., 2019) and bacterial families contributing
to milk production in cattle such as Muribaculaceae and p-251-05
(Boggio et al., 2021; Kodithuwakku et al., 2022) were considered
to distinguish individual wildebeests. In contrast, bacterial families
that only occurred in single individuals or that varied greatly among
individuals were found by the LASSO algorithm to cluster individual
microbiota (e.g. Burkholderiaceae, Moraxellaceae, p-2534-18B5
gut group). Overall, it can be concluded that there are individual
abundance patterns of bacterial families, both in animal species
with a highly variable as well as in species with a very constant mi-
crobiota. These are a combination of core bacteria of the respec-
tive species and other individual or zoo-specific families in varying
abundance.
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5 | CONCLUSION

To the best of our knowledge, this is the first study focusing on the
characterization of individual oscillations in the microbiota of two
species, applying different clustering algorithms to the sequencing
data. With this research, we were able to show that two species with
completely different diets exhibit both species-specific and individ-
ual abundance patterns in the fecal microbiota over the period of
1week. Thus, we confirm our first hypothesis that a species-specific
microbiota can be detected by the applied clustering pipeline. In ad-
dition, we showed that these results were considerably improved
if time series data are considered and evaluated via dynamic time
warping and community detection algorithm. Our second hypoth-
esis that individual abundance patterns are more reliably detected in
tigers than in wildebeest due to the more variable microbiota, can-
not be clearly confirmed. Although the individual identification of
the tigers resulted in a slightly higher NMI value when compared to
the true labels, individual differences can also be detected within
the very constant fecal microbiota of the wildebeests, with only
marginally inferior cluster solutions compared to the tigers. Bacterial
families that are responsible for individual clustering follow a similar
pattern in both species. Individual abundance patterns are subject to
a combination of species-specific core and individual-specific highly-
fluctuating bacterial families.

From a methodological point of view, it can be implied for further
studies that the use and interpretation of single individual samples
or collective group samples is critical. Our results show that the mi-
crobiota of wildebeest and tiger are also subject to fluctuations that
can only be captured through time series data. As one of the main
tasks of zoos is to continuously improve animal welfare, they can
benefit from an individualized microbial profile of some animal spe-
cies that show e.g. special dietary requirements or increased stress
susceptibility. The non-invasive sampling is easy to integrate into the
daily routine and the evaluation is cost-effective. Accordingly, a fecal
microbial profile is an easy-to-use method to continuously monitor
individuals and, if necessary, to perform individual treatments or ad-

justments in the feeding schedule.
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FIGURE A1 Visualization of the cluster solutions for both approaches via t-SNE in two dimensions.

A °S “€T0T ‘8SLLSHOT

:sdny woxy papeoy!

IpUO)) pue SWIA T, 2Y) 33§ *[£207/L0/61] WO A1e1qrT duIUQ AS[IA\ “UUBYO[ YIUIOHQIGSIEISIDAIUN £q 99001 €399/Z00 0 /10P/W0" A[1m

ssdny)

10)/W09° K[ 1M,

p

ASULIIT SUOWWO)) dANRAI)) 3[qedljdde ay) £q PauIdA0S are Sa[d1E YO 9N JO SI[NI 10§ AIeIqI] dul[uQ ]I UO (¢



ZOELZER ET AL.

i 15 of 18
Ecology and Evolution
= MMQAN1LEYJ————

by

Ind2.2 Ind3.1 Ind3.2
Zoo2 Zoo2 Zoo2

Connochaetes taurinus

Ind1
Zool

100%
75% |||||||

Ind2
Zool

Ind1 Ind2.1
Zoo2 Zoo2

A °S “€T0T ‘8SLLSHOT

:sdny woxy papeoy!

M Anaerolineaceae

M Arcobacteraceae
Bacteroidaceae

M Bacteroidales UCG-001

M Beijerinckiaceae

W Brevibacteriaceae
CAP-aah99b04
Chitinophagaceae

M Clostridiales vadinBB60 group

M Coriobacteriaceae
Crocinitomicaceae

m Demequinaceae

M Devosiaceae

M Eggerthellaceae
Enterobacteriaceae
Eubacteriaceae

= Family XI

M Fibrobacteraceae

M gir-aah93h0

W JG30-KF-CM45
Leptospiraceae

W M2PB4-65 termite group

B metagenome

B Methanomethylophilaceae
Microbacteriaceae

M Moraxellaceae

M Neisseriaceae

B Nocardioidaceae
Paenibacillaceae

m Pedosphaeraceae

® Phormidesmiaceae

M Planococcaceae
Puniceicoccaceae
Rhodobacteraceae

M Ruminococcaceae

M Sphingobacteriaceae

M Staphylococcaceae

M Synergistaceae
Tannerellaceae

M Victivallaceae

M Xanthobacteraceae

B unknwon

M Anaeroplasmataceae
Atopobiaceae

I Bacteroidales BS11 gut group

W Bacteroidetes BD2-2

m Bifidobacteriaceae

M Burkholderiaceae
Carnobacteriaceae

[ Christensenellaceae

B COB P4-1 termite group

M Coriobacteriales Incertae Sedis
Cytophagaceae
Dermabacteraceae

m Diplorickettsiaceae

M Elusimicrobiaceae
Enterococcaceae
Euzebyaceae

W Family XII

M Flavobacteriaceae

M gut metagenome

M Lachnospiraceae
Leuconostocaceae

1 Marinifilaceae

B Methanobacteriaceae

B Methanosarcinaceae
Micrococcaceae

¥ Muribaculaceae

H Nitrososphaeraceae
p-251-05
Paludibacteraceae
Peptococcaceae

B Phormidiaceae

M Prevotellaceae
Rhizobiaceae
Rikenellaceae

M Saccharimonadaceae

W Sphingomonadaceae

M Streptococcaceae

B Syntrophomonadaceae
Trueperaceae

1 Weeksellaceae

B Xanthomonadaceae

FIGURE A2 Fecal microbiota composition of all sampled tiger and wildebeest individuals.
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TABLE A1 Metadata of all samples analyzed in this study including the species, sex, age and sampling date.

Individual_ID

Ind1_Zoo1l
Ind1_Zoo1l
Ind1_Zoo1l
Ind1_Zoo1l
Ind1_Zoo1l
Ind1_Zoo1l
Ind1_Zoo1l
Ind1_Zoo1l
Ind1_Zoo2
Ind1_Zoo2
Ind1_Zoo2
Ind1_Zoo2
Ind1_Zoo2
Ind1_Zoo2
Ind1_Zoo2
Ind1_Zoo2
Ind2.1_Zoo2
Ind2.1_Zoo2
Ind2.1_Zoo2
Ind2.1_Zoo2
Ind2.1_Zoo2
Ind2.1_Zoo2
Ind2.1_Zoo2
Ind2.1_Zoo2
Ind2.2_Zoo2
Ind2.2_Zo002
Ind2.2_Zoo2
Ind2.2_Zo002
Ind2.2_Zoo2
Ind2.2_Zo002
Ind2.2_Zoo2
Ind2.2_Zo002
Ind2_Zoo1l
Ind2_Zoo1
Ind2_Zool
Ind2_Zoo1
Ind2_Zool
Ind2_Zoo1l
Ind2_Zool
Ind2_Zoo1
Ind3.1_Zoo2
Ind3.1_Zoo2
Ind3.1_Zoo2
Ind3.1_Zoo2
Ind3.1_Zoo2

Species

Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus
Connochaetes_taurinus

Connochaetes_taurinus

Open Access,

ZOELZER ET AL.

Sampling_Day Sex Year Month Age
1 Female 2020 2 2
2 Female 2020 2 2
3 Female 2020 2 2
4 Female 2020 2 2
5 Female 2020 2 2
6 Female 2020 2 2
7 Female 2020 2 2
8 Female 2020 2 2
1 Male 2020 7 18
2 Male 2020 7 18
3 Male 2020 7 18
4 Male 2020 7 18
5 Male 2020 7 18
6 Male 2020 8 18
7 Male 2020 8 18
8 Male 2020 8 18
1 Female 2020 7 17
2 Female 2020 7 17
3 Female 2020 7 17
4 Female 2020 7 17
5 Female 2020 7 17
6 Female 2020 8 17
7 Female 2020 8 17
8 Female 2020 8 17
1 Female 2020 12 17
2 Female 2020 12 17
3 Female 2020 12 17
4 Female 2020 12 17
5 Female 2020 12 17
6 Female 2020 12 17
7 Female 2020 12 17
8 Female 2020 12 17
1 Male 2020 2 3
2 Male 2020 2 S
3 Male 2020 2 3
4 Male 2020 2 S
5 Male 2020 2 3
6 Male 2020 2 3
7 Male 2020 2 3
8 Male 2020 2 3
1 Female 2020 7 1
2 Female 2020 7 1
3 Female 2020 7 1
4 Female 2020 7 1
5 Female 2020 7 1
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TABLE A1 (Continued)

Individual_ID Species Sampling_Day Sex Year Age
Ind3.1_Zoo2 Connochaetes_taurinus 6 Female 2020 1
Ind3.1_Zoo2 Connochaetes_taurinus 7 Female 2020 1
Ind3.1_Zoo2 Connochaetes_taurinus 8 Female 2020 1
Ind3.2_Zo02 Connochaetes_taurinus 1 Female 2020 1
Ind3.2_Zoo02 Connochaetes_taurinus 2 Female 2020 1
Ind3.2_Zo02 Connochaetes_taurinus 3 Female 2020 1
Ind3.2_Zoo02 Connochaetes_taurinus 4 Female 2020 1
Ind3.2_Zo02 Connochaetes_taurinus 5 Female 2020 1
Ind3.2_Zoo02 Connochaetes_taurinus 6 Female 2020 1
Ind3.2_Zo02 Connochaetes_taurinus 7 Female 2020 1
Ind3.2_Zoo02 Connochaetes_taurinus 8 Female 2020 1
Ind1_Zool Panthera_tigris 1 Female 2018 5 10
Ind1_Zoo1l Panthera_tigris 2 Female 2018 5 10
Ind1_Zool Panthera_tigris 3 Female 2018 5 10
Ind1_Zoo1l Panthera_tigris 5 Female 2018 5 10
Ind1_Zool Panthera_tigris [ Female 2018 5 10
Ind1_Zoo1l Panthera_tigris 8 Female 2018 5 10
Ind1_Zoo2 Panthera_tigris 2 Male 2020 12 8
Ind1_Zoo2 Panthera_tigris 3 Male 2020 12 8
Ind1_Zoo2 Panthera_tigris 4 Male 2020 12 8
Ind1_Zoo2 Panthera_tigris 5 Male 2020 12 8
Ind1_Zoo3 Panthera_tigris 1 Female 2018 6 17
Ind1_Zoo3 Panthera_tigris 2 Female 2018 6 17
Ind1_Zoo3 Panthera_tigris 3 Female 2018 6 17
Ind1_Zoo3 Panthera_tigris 4 Female 2018 6 17
Ind1_Zoo3 Panthera_tigris 5 Female 2018 6 17
Ind1_Zoo3 Panthera_tigris 8 Female 2018 6 17
Ind2.1_Zoo3 Panthera_tigris 1 Male 2018 6 8
Ind2.1_Zoo3 Panthera_tigris 2 Male 2018 6 8
Ind2.1_Zoo3 Panthera_tigris 3 Male 2018 6 8
Ind2.1_Zoo3 Panthera_tigris 4 Male 2018 6 8
Ind2.1_Zoo3 Panthera_tigris 5 Male 2018 6 8
Ind2.2_Zoo3 Panthera_tigris 1 Male 2020 11 10
Ind2.2_Zo03 Panthera_tigris 2 Male 2020 11 10
Ind2.2_Zoo3 Panthera_tigris 3 Male 2020 11 10
Ind2.2_Zo03 Panthera_tigris 4 Male 2020 11 10
Ind2.2_Zoo3 Panthera_tigris 5 Male 2020 11 10
Ind2.2_Zo03 Panthera_tigris [ Male 2020 11 10
Ind2.2_Zoo3 Panthera_tigris 7 Male 2020 11 10
Ind2.2_Zo03 Panthera_tigris 8 Male 2020 11 10
Ind2_Zoo1l Panthera_tigris 1 Male 2018 5 7
Ind2_Zoo1l Panthera_tigris 2 Male 2018 5 7
Ind2_Zoo1l Panthera_tigris 3 Male 2018 5 7
Ind2_Zoo1l Panthera_tigris 5 Male 2018 5 7
Ind2_Zoo1l Panthera_tigris 7 Male 2018 5 7

(Continues)
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TABLE A1

Individual_ID
Ind2_Zoo1l
Ind2_Zo002
Ind2_Zo02
Ind2_Zo002
Ind2_Zo02

(Continued)

Species

Panthera_tigris
Panthera_tigris
Panthera_tigris
Panthera_tigris

Panthera_tigris

Open Access,

ZOELZER ET AL.
Sampling_Day Sex Year Month Age
8 Male 2018 5 7
1 Female 2020 12 7
3 Female 2020 12 7
5 Female 2020 12 7
6 Female 2020 12 7
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Abstract

Much research has been conducted to describe the factors that determine the fecal microbiome, with
diet and host phylogeny as the main drivers. The influence of diet has been described at different levels.
Firstly, there are major differences in the microbiomes of herbivorous and carnivorous species and
secondly the morphology of the digestive system also determines the composition and diversity of the
microbiota. In this study, we aim to describe the influence of the three factors — diet, digestive system
and host - on the microbiota in order to develop a model that is able to characterize host-specific
metadata from an unknown fecal sample.

We therefore analyzed the 16s rRNA from 525 fecal samples of 14 zoo-housed species belonging to
different phylogenetic groups including herbivores, carnivores and omnivores. We found significant
differences in the bacterial taxa correlated with these groups. While herbivores show positive
correlations with a large number of bacterial taxa, we found fewer taxa correlating with carnivores or
omnivores. We also detected considerable differences in the microbiota of the ruminant, hindgut
fermenting and simple digestive system. Based on these results, we developed a logistic ensemble
model, that predicts the diet and based on these findings either the herbivorous digestive system or the
carnivorous host-family from a given fecal microbiota composition. This model is able to effectively
discriminate herbivores, omnivores and carnivores. It also excels at predicting the herbivore-specific
digestive system with 98% accuracy, further reinforcing the strong link between microbiota and
digestive system morphology. Carnivorous host-family identification achieves an overall accuracy of
79%, although this performance varies between families.

We provide this trained model as a tool to enable users to generate host-specific information from their
microbiome data. In future research, tools such as the one presented here could lead to a combined
approach of microbiome and host-specific analyses which would be a great advantage in non-invasive
wildlife monitoring.

1 Introduction

In recent years, both extensive research efforts in the field of microbiome science as well as advances
in DNA sequencing technology highlighted the importance of gastrointestinal microorganisms. These
microorganisms have been extensively characterized, with a particular focus on their ability to produce
short-chain fatty acids (SCFAs) as an essential energy source for the host organism (Koh et al., 2016;
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Rios-Covian et al., 2016; Sanna et al., 2019). In addition, a large number of studies have been carried
out investigating composition, diversity, and intricate relationships that govern the gastrointestinal
microbiome in different animal species as well as within different phylogenetic and dietary groups
(Ley et al., 2008a; Nelson et al., 2015; Youngblut et al., 2019; Milani et al., 2020). Contemporary
research raised compelling questions beyond the mere description of species-specific microbiomes,
especially on influencing factors. Diet and phylogeny are now widely recognized as the primary drivers
that shape the composition of the fecal microbiota.

For dietary studies on animals, the morphology of the respective digestive system must be taken into
account. Carnivorous species are characterized by a simple digestive system with a short intestine and
colon as well as a small cecum. In general, carnivores show little adaptations to microbial fermentation,
as they rely on an easily digestible protein-based diet and have lower glucose requirements (Stevens
and Hume, 1995; Mackie, 2002). In contrast, herbivores depend on microbial fermentation to break
down cellulose and hemicellulose. Within herbivores, two digestive systems are predominant. On the
one hand, hindgut fermenters have an enlarged large intestine to increase food retention time, and an
enlarged cecum, which serves as the primary site for microbial fermentation. Ruminants, on the other
hand, have a segmented stomach consisting of the rumen, reticulum, omasum and abomasum. Unlike
hindgut fermenters, ruminants are foregut fermenters, with the majority of microbial fermentation
occurring in the rumen. Although the small and large intestines of both digestive systems are similar
in size, ruminants have a reduced cecum (Mitchell, 1905; Douglas, 2018). Several studies have shown
that each of these digestive systems hosts its own microbiota due to the different morphological
adaptations and specializations (Ley et al., 2008a; Muegge et al., 2011; Nishida and Ochman, 2018;
Zoelzer et al., 2021).

Host phylogeny is the second key factor that shapes the fecal microbiota composition. The interaction
between host and microorganisms is defined as phylosymbiosis (Lim and Bordenstein, 2020).
Phylosymbiosis is described on different scales. Firstly, regarding a great phylogenetic context where
numerous animal orders are compared with each other, the microbiota similarity increases with an
increasing degree of kinship among the host species (Kartzinel et al., 2019; Rojas et al., 2021; Wu et
al., 2022). Secondly, on a smaller phylogenetic range, closely related groups of species (Li et al., 2018;
Fuetal., 2021) or species within the same genera (Knowles et al., 2019) were assessed and their results
show that even closely related species have a distinct microbiota.

Due to the strong influence of the host on the microbiota, we aim to reverse this approach by developing
a computational model that predicts the host from a given fecal microbiota sample. In a first step, we
test whether different bacterial taxa correlate with the host’s characteristics: the host diet group
(herbivore, carnivore, omnivore), the host digestive system (ruminant, hindgut fermenter, simple) and
the host-family applying a correlational analysis. In a second step, we develop a model that is able to
predict those metadata from a given microbiota composition. Various modelling approaches gained
widespread recognition and are now being applied in the fields of ecology and evolution, as they
provide a versatile approach to effectively deal with complex data structures (Bolker et al., 2009). In
microbiome research, machine learning techniques are mainly used to predict disease susceptibility
patterns in the human microbiome (Yazdani et al.; Korpela et al., 2014; Duvallet et al., 2017; Espinoza,
2018). Recently, some studies developed models to predict host-specific factors from the fecal
microbiota such as age or sex (Pannoni et al., 2022; Sweeny et al., 2023). Based on these findings and
on the strong influence of host phylogeny, we hypothesize that it is possible to develop a model that
identifies different host-families from an undisclosed fecal sample. This approach would open up new
possibilities for microbiome analysis in non-invasive wildlife monitoring, i.e. using a single fecal
sample of undisclosed origin and only one DNA sequencing workflow for an analysis of both

. . : 2
This is a provisional file, not the final typeset article



84
85

86

87

88
89
90
91
92
93
94
95
96
97
98
99

100

101
102
103
104
105
106

107
108
109
110
111
112
113
114
115
116
117
118
119
120

121
122

123
124

microbiome and host-specific information. Compared to common microsatellite methods, this is more
cost- and labor-efficient in sampling, sequencing and analysis efforts.

2 Materials and Methods

2.1 Sample collection

Between May 2018 and November 2020, a total of 525 fecal samples were collected from 14 species
belonging to different dietary groups of 17 zoos across Germany (Table S1). To ensure adequate
representation, a minimum of 20 samples were analyzed for each species. The collection method
employed is non-invasive, with samples primarily obtained during the daily cleaning routines by the
keepers. After collection, the fecal samples were promptly transferred to sterile cryotubes and stored
in liquid nitrogen until further processing. The care and use of animals during the research adhered to
the guidelines set by the European Association of Zoos and Aquaria (EAZA). StarSEQ GmbH, located
in Mainz, Germany, conducted the subsequent sample preparation. Initially, the samples underwent
homogenization using the Precellys® Evolution Homogenizer (Bertin Instruments, Rockville, USA).
Next, DNA extraction was carried out using the QIAamp® PowerFecal DNA Kit (Qiagen, Hilden,
Germany). To measure the DNA concentration in the extracted samples, a NanoDrop
spectrophotometer (Thermofisher, Massachusetts, USA) was utilized.

2.2 16S rRNA gene sequencing and data processing

At StarSEQ GmbH, sequencing of the V3-V4 region of the 16S rRNA gene was performed using a
dual-index strategy based on the protocol of Caporaso et al., 2012 with minor modifications. To
generate amplicons, a single step PCR of 33 cycles was performed using the primer combination 341f
and 806bR as described by (Apprill et al., 2015) and (Takahashi et al., 2014). The resulting library was
then sequenced on the Illumina MiSeq platform in paired-end mode (300 nt), including a 25% PhiX
control library.

Subsequent data analysis was carried out using the QIIME 2 platform (Bolyen et al., 2019), and
amplicon sequence variants (ASVs) were determined using DADA2 (Callahan et al., 2016). A
phylogenetic tree was constructed for all sequences using MAFFT sequence alignment (Katoh et al.,
2002) and low abundant features that are covered by less than 10 sequences, chloroplast and
mitochondrial sequences were removed from the dataset. For taxonomic assignment of ASVs, a pre-
trained Naive Bayes classifier (Bokulich et al., 2018) based on the SILVA 138 full-length database
(Quast et al., 2013) was employed. The following statistical analyses were performed in R version 4.3
(R Core Team, 2022) as well as in Python version 3.10 (van Rossum and Drake, 2009). To identify
bacterial families that are linked to either dietary, morphologically similar digestive systems or
phylogenetic groups, we calculated the Pearson correlation coefficient with a minimum of R>0.3. Taxa
that showed correlation coefficients from 0.3 to 0.5 are referred to as moderately correlating, taxa above
0.5 as strongly correlating. Based on those results, we performed a general linear model (glm) to test
whether the correlating taxa are statistically significant factors in explaining whether a given
microbiome composition belongs to one of the given categories or not.

Next, we developed a model to predict the diet, digestive system and host-family of an undisclosed
sample. The preprocessing steps included:

1. Ensuring no missing values were present, which attests to the thoroughness of our data collection
process.
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2. Normalizing the data by converting raw counts to relative abundances, thus facilitating comparison
across samples.

3. Removing sequences that were low in abundance or non-bacterial, refining the dataset to emphasize
bacterial profiles relevant to the animals' diets.

These steps, essential for preparing the data for machine learning, complement the methodical sample
collection and sequencing methods described in our documentation. We acknowledge that due to the
unstandardized collection procedure of the samples and the time component among other factors our
dataset does not strongly support the assumption of IID. However, we have taken several steps to
ensure that the data we used was thoroughly checked and prepared for further analysis and the use in
machine learning models.

2.3 Model training and evaluation framework

The dataset was divided into training, development, and test sets with a ratio of 64%, 16%, and 20%,
respectively. This split ensured enough data for training the models, allowed for hyperparameter
optimization on the development set, and provided an unbiased evaluation on the test set. The training
of the models was systematically conducted through grid search, meticulously iterating over a range
of hyperparameter combinations to identify the optimal settings based on F1 scores. The F1 score was
prioritized as our evaluation metric due to its balance between precision and recall, which is crucial
when dealing with imbalanced classes.

We enhanced the predictive accuracy by employing an ensemble of logistic regression models,
adhering to the hierarchical classification procedure of diet, herbivorous digestion types, and
carnivorous host-family. Ensemble modelling combines the predictions from multiple models to
increase the robustness of the results, leveraging the strength of each individual model without
weakness of general model.

1. Hierarchical Model Training and Validation: We trained individual logistic regression models at
each level of the hierarchy—first on diet, then on digestion types for herbivores, and on the host-family
for carnivores and omnivores. Each model was validated using the development set, ensuring that we
could fine-tune the hyperparameters effectively. This hierarchical approach allowed the ensemble to
build upon the structure and dependencies inherent in the data, using the development set to guide the
selection and combination of models without biasing the final evaluation.

2. Aggregation of Model Probabilities: Aggregation of Model Probabilities: The ensemble method was
implemented using a sequential, multi-stage approach. In each stage, multiple models predict the label
for the respective category, and the label with the highest calculated probability is selected. This
approach ensures that the most precise prediction of each model is considered, with the final decision
based on the most probable forecast. This method allows for a differentiated and context-dependent
integration of predictions from various models, taking into account both the accuracy and the consensus
of individual models at different classification stages

3. Performance Evaluation: The final evaluation of the ensemble model's performance was conducted
on the test set. This step is crucial, as it provides an unbiased estimate of how well the ensemble model
generalizes to new, unseen data. The metrics from this evaluation were used to assess the success of
the modelling approach.

This is a provisional file, not the final typeset article
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The emphasis throughout the modelling process was on the refinement of the ensemble based on
development set results rather than test data, maintaining the integrity of the test set for a genuine
evaluation of model generalization. The ensemble's performance was quantified using the F1 score,
which harmonizes precision and recall, to ensure the model's efficacy across both prevalent and rare
classes within our dataset.

3 Results

A total of 525 fecal samples comprising 14 species were sequenced on Illumina MiSeq platform in
paired-end mode, targeting the V3-V4 region of the 16S rRNA gene. After preprocessing, the dataset
contained 27,188,318 sequences, ranging from 5,836 to 303,032 sequences per sample, with an average
of 51,299 sequences per sample.

3.1 Correlation of bacterial taxa with diet

Applying the Pearson’s correlation to the data set with respect to diet groups, the strongest correlation
values are found for herbivores. Within the R>0.3 limit, ten positively correlating bacterial families are
identified (Figure 1A). Within these, Prevotellaceae (R=0.45), Methanocorpuscularceae (R=0.32) and
Fibrobacteraceae (R=0.42) show a moderately positive correlation, while Methanobacteriaceae
(R=0.52), F082 (R=0.56), Christensenellaceae (R=0.54), Akkermansiaceae (R=0.54), Spirochaetaceae
(R=0.60), Ruminococcaceae (R=0.71) and Rikenellaceae (R=0.73) show a strong positive correlation
with herbivores. The following generalized linear model (glm) confirms these findings, indicating that
the occurrence of Methanobacteriaceae (t=9.84, p<0.01), Spirochaetaceae (t=5.55, p<0.01),
Akkermansiaceae (t=3.89, p<0.01), Ruminococcaceae (t=3.55, p<0.01) and Rikenellaceae (t=3.47,
p<0.01), as well as the absence of Peptostreptococcaceae (t=-10.26, p<0.01) and Fusobacteriaceae (t=-
8.64, p<0.01), are significant factors in distinguishing a herbivorous from carnivorous or omnivorous
host. Nevertheless, these bacterial taxa contribute in different proportions to the herbivore microbiota.
While Ruminococcaceae (Average =+ standard deviation: 16.30%+10.20%), Spirochaetaceae
(9.06%=8.74%) and Rikenellaceae (7.55%+4.78%) are on average more abundant, Akkermansiaceae
(2.53%=£2.85%) and Methanobacteriaceae (4.31%+5.37%) are less abundant (Figure 2). Carnivorous
species show a negative correlation with most of the bacterial families that correlate with herbivores.
Only three positively correlating bacterial taxa are identified: Fusobacteriaceae with a strong
correlation (R=0.55, t=9.03, p<0.001) as well as Peptostreptococcaceae (R=0.31, t=4.38, p<0.001) and
Burkholderiaceae (R=0.31, t=0.99, p=0.32) with a moderate correlation.

As shown in Figure 2, Fusobacteriaceae (19.93%+15.37%) and Peptostreptococcaceae
(10.84%+9.54%) combined make up approximately one third of the carnivore microbiota. In addition,
the glm identified the absence of Methanobacteriaceae (R=-0.35, t=-2.62, p<0.001) and Rikenellaceae
(R=-0.49, t=-1.98, p<0.05) as a significant factor to discriminate a carnivore from a herbivore or
omnivore. Contrary to herbivores and carnivores, the omnivorous hosts assessed in this study display
no strong correlation to any microbial family. Only Enterococcaceae (R=0.36) and Clostridiaceae
(R=0.37) correlate moderately with this diet group. Thus, Clostridiaceae form a major part of the
omnivore microbiota (32.48%=*15.21%) and show no positive correlation with herbivores or
carnivores. The latter is also true for Enterococcaceae, but this family only contributes on average to
5.65%=£8.51% to the microbiota composition of omnivores.

3.2 Correlation of bacterial taxa with digestive system

With regard to the digestive system, herbivores in this study are divided into foregut ruminants and
hindgut colon fermenters. Ruminants show strong positive correlations with Ruminococcaceae
(R=0.77, t=12.31, p<0.001), Methanobacteriaceac (R=0.64, t=17.58, p<0.001), Prevotellaceae
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(R=0.51, t=4.69, p<0.001) and Akkermansiaceae (R=0.55, t=3.28, p<0.01). With the exception of
Rikenellaceae (R=0.63, t=-1.38, p=0.19), which is shared with the hindgut fermenters, these bacterial
taxa are exclusively positively correlated with ruminants. Ruminococcaceae are highly abundant in
this dietary group with an average of 22.62%+8.58%, followed by Prevotellaceae (9.68%+4.51%),
Rikenellaceae (9.24%+4.68%) and Methanobacteriaceae (6.75%+6.06%) (Figure 2). Other moderately
positive correlations occur with Desulfovibrionaceae (R=0.34, t=5.06, p<0.001), Christensenellaceae
(R=0.46, t=-4.46, p<0.001) and Anaerolineaceae (R=0.32, t=0.62, p=53). No strong negative
correlations are observed, but the absence of Clostridiaceae (R=-0.36, t=3.46, p<0.001) is another
indicator of a ruminant host species.

The correlation analysis reveals differences between ruminants and hindgut fermenters. While
Ruminococcaceae are high-abundant in the microbiota of ruminants, this taxon does not correlate with
hindgut fermenters (Figure 1). In contrast, Spirochaetaceae show the strongest positive correlation
(R=0.86, t=15.52, p<0.001) and on average make up 18.81%=+6.22% of the hindgut fermenters
microbiota. Similar to ruminants, there is an archaeal taxon strongly positively correlating with hindgut
fermenters, namely Methanocorpuscularceae (R=0.57, t=4.06, p<0.001). Other hindgut-specific
bacterial families make up less than 5% on the average microbiota as shown in Figure 2. These include
Fibrobacteraceae (R=0.64, t=6.61, p<0.01), Eubacteriaceae (R=0.64, t=7.70, p<0.001), T34 (R=0.39,
t=5.18, p<0.001) and Synergistaceae (R=0.56, t=4.30, p<0.001).

The simple carnivore digestive system is characterized by a different bacterial composition. In general,
bacterial families are less positively correlated with this digestive system, which is reflected in the
correlation values as well as in the lower t-values of the glm. Therefore, the five positively correlating
bacterial families occur in higher proportions. Strong correlational values are found for Clostridiaceae
(R=0.56, t=3.41, p<0.001) and Fusobacteriaceae (R=0.52, t=5.58, p<0.001), which contribute to
19.50%+17.52% and 15.71%+16.08% to the microbiota composition. Peptostreptococcaceae (R=0.48,
t=3.41, p<0.001) and Enterobacteriaceae (R=0.37, t=3.28, p<0.001) correlate moderately with this
digestive system, but also make up 11.14%+9.97% and 9.65%=+15.15% of the average microbiota. The
glm also identifies negatively correlating taxa as indicators to distinguish this digestive system from
the others. These include Ruminococcaceae (R=-0.81, t=-10.43, p<0.001), Rikenellaceae (R=-0.83, t=-
8.03, p<0.001), Spirochaetaceae (R=-0.68, t=-14.59, p<0.001) and Methanobacteriaceae (R=-0.58, t=-
22.79, p<0.001), which were previously identified as herbivore-specific taxa.

3.3 Correlation of bacterial taxa with host-family

The calculation of correlations for bacterial taxa with host-families reveals only moderate correlations
for all carnivores and omnivores but in strong correlations for herbivores. Within the carnivores, the
glm for Ailuridae (AIC=-327.37) and Herpestidae (AIC=-292.04) is suitable to distinguish them from
the other animals. Ailuridae specific bacterial taxa are Enterobacteriaceae (R=0.31, t=5.75, p<0.001),
Erysipelotrichaceae (R=0.33, t=9.30, p<0.001), Planococcaceae (R=0.41, t=7.99, p<0.001),
Sphingobacteriaceae (R=0.33, t=7.08, p<0.001) and Paenibacillaceae (R=0.36, t=3.68, p<0.001).
Among them, Enterobacteriaceaec have the largest average proportion on the microbiota
(21.79%=x19.37%), followed by Planococcaceae (12.45%+12.24%) and Erysipelotrichaceae
(9.02%=10.68%). For Herpestidae, there is only one moderate but significant positive correlation with
Listeriaceae (R=0.31, t=7.38, p<0.001). Canidae (AIC=185.02), Felidae (AIC=384.02) and Ursidae
(AIC=3.42) do not discriminate well with the glm. Significant correlations occur with Fusobacteriaceae
(R=0.45, t=7.62, p<0.001) for Canidae, Veillonellaceae (R=0.38, t=7.46, p<0.001) for Felidae and
Clostridiaceae (R=0.45, t=5.91, p<0.001) for Ursidae (Figure 1).

For herbivores, the glm works best for Equidae (AIC=-495.45). Equidae display strong positive
correlations with Spirochaetaceae (R=0.86, t=15.52, p<0.001), Fibrobacteraceae (R=0.64, t=6.61,
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p<0.001), FO82 (R=0.61, t=3.00, p<0.01) and Synergistaceae (R=0.56, t=4.30, p<0.001). In particular,
the high average abundance of Spirochaetaceae (18.81%+6.22%) and the low abundance of
Ruminococcaceae differentiate the Equidae from Giraffidae and Bovidae as is shown in Figure 2. In
contrast, the other identified taxa represent less than 5% of the average Equidae microbiota. Giraffidae
can also be identified by the glm (AIC=-376.33). Here, only two strongly positive correlating families,
PeH15 (R=0.50, t=9.67, p<0.001) and Methanomethylophilaceae (R=0.50, t=8.64, p<0.001) can be
used to differentiate this ruminant family. However, both families contribute on average less than 1%
to the microbiota composition. In addition, Ruminococcaceae (R=0.37, t=4.30, p<0.001) is another
important taxon for the discrimination and occurs on average in 23.34%+4.49% within the Giraffidae.
The second ruminant family, Bovidae, shows the strongest positive correlation with
Methanobacteriaceae (R=0.69, t=17.67, p<0.001), Ruminococcaceae (R=0.63, t=6.82, p<0.01) and
Akkermansiaceae (R=0.54, t= 6.23, p<0.01). Compared to the Giraffidae, the Bovidae show a
comparable average proportion of Ruminococcaceae (22.43%+9.39%)), but a higher average proportion
of Methanobacteriaceae (8.06%+6.13%). Nevertheless, the glm for Bovidae is not as good as for the
other two herbivore species (AIC=-63.48).

3.4 Developing an ensemble model to identify host-specific information

As we expect herbivores, carnivores and omnivores to differ in their microbiota composition, we
developed an ensemble model that can accurately identify the diet type (herbivore, carnivore,
omnivore) based on the microbiota composition of a fecal sample. The model has an accuracy of 88%.
The F1 score for identifying diet type varies between 0.73 for omnivores, 0.87 for carnivores, and 0.93
for herbivores (Table 1). In a second step, the model predicts the digestive system of herbivores to be
simple, ruminant, or hindgut fermenter with an overall accuracy of 98%. The hindgut fermenters show
the best results (F1=1.00), followed by the ruminants (F1=0.98) and the simple digestive system
(F1=0.92). Due to the limited number of samples after this step and the resulting poor results of the
model in predicting the host-family, we omitted this step for the herbivores. Nevertheless, since the
Equidae is the only family present in the hindgut fermenters in this study, the F1 score applies to this
family as well. Another distinguishable host-family due to its unique feature of a simple digestive
system is the Ailuridae (F1=0.92). Since all carnivores have the same simple digestive system, a
discrimination at this level is not necessary here. Instead, the model achieves an accuracy of 79% in
distinguishing between host-families. Canidae are distinguished from the other carnivores with a F1
score of 0.93, while Felidae (F1=0.82) and Ursidae (F1=0.79) are detected with slightly less reliably.
However, this step of the model fails to identify the Herpestidae because of an insufficient sample size
(F1=0.00).

4 Discussion

4.1 The influence of diet, digestive system and host phylogeny on the microbiota

We found clear differences in bacterial families correlating with either herbivorous, carnivorous or
omnivorous hosts. The greatest divergence between these groups is the number of either positively or
negatively correlating bacterial taxa. While herbivores show positive correlations with many taxa,
carnivores express the opposite pattern. One reason for this may be the overall higher microbial
diversity in the feces of herbivores, which has been demonstrated repeatedly (Ley et al., 2008a; Vital
et al., 2014; Youngblut et al., 2019; Guo et al., 2020; Zoelzer et al., 2021). The dependence of
herbivores on fermentative bacteria is further supported by the fact that the most strongly correlating
taxa are involved in fiber digestion. For example Rikenellaceae and Ruminococcaceae are known as
herbivore-specific bacterial families (Milani et al., 2020; Zoelzer et al., 2021) and play an important
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role in cellulose degradation and fiber digestion (Obregon-Tito et al., 2015; La Reau and Suen, 2018).
Another important aspect of fiber digestion by fermentative bacteria is the production of short-chain
fatty acids (SCFAs), which serve as an energy source for the host. Spirochaetaceae, which correlate
strongly with herbivores, are able to produce the SCFAs butyrate and acetate from different
polysaccharide intakes (Pascale et al., 2018; van den Abbeele et al., 2022). In contrast, less positively
correlating taxa are found in carnivores. Only Fusobacteriaceae show strong correlation with carnivore
hosts. This family is known to be dominant in meat-based diets and is involved in protein digestion
(Vital et al., 2014; An et al., 2017; Badri et al., 2021; Martinez-Lopez et al., 2021). A different pattern
is observed within omnivores. Here only two bacterial families are found to correlate moderately,
Enterococcaceae and Clostridiaceae. Nevertheless, both taxa belong to the phylum Firmicutes, which
is known to be highly represented in omnivore species (Sommer et al., 2016; Trujillo et al., 2022a,
2022b). Overall, these results suggest that there are considerable differences in the microbiota,
especially between herbivores and carnivores/omnivores.

Furthermore, we analyzed microbial taxa that correlate with the morphology of the digestive system.
We found clear differences here as well (Figure 1). Both herbivore digestive systems rely on microbial
degradation of cellulose and production of SCFA’s, but the site of fermentation differs. As the name
indicates, the fermentation in ruminants takes place in the highly comparted forestomach, prior to
enzymatic digestion. We identified Ruminococcaceae, Prevotellaceae and Methanobacteriaceae as
strongly correlating with this digestive system. The two ruminants assessed in this study, namely
Giraffidae and Bovidae, can be distinguished in terms of the methanogenic archaea. While Bovidae
correlate strongly with Methanobacteriaceae, Giraffidae show a strong correlation with
Methanomethylophilaceae. The low proportion of Methanobacteriaceae in Giraffidae has also been
demonstrated in several studies (Roggenbuck et al., 2014; Zoelzer et al., 2021). The differences
between these two ruminants may be due to adaptation to either browsing (Giraffidae) or grazing
(Bovidae). Compared to grazing ruminants, browsers have a smaller rumen and larger intestines to
increase retention time in the digestive system (Giesecke and van Gylswyk, 1975; Hofmann, 1989;
Woodall and Skinner, 1993; Ginnett and Demment, 1997; Clauss et al., 2003; Mitchell, 2021). As
methanogenic archaea are responsible for balancing the pH-value in the rumen, as mentioned above,
the different archaeal taxa may be adapted to different rumen sizes and compartments.

Hindgut fermenting species are adapted to a microbial fermentation that occurs after the enzymatic
digestion. Although the site of fermentation is not the rumen but the large intestine, the fermentation
process is quite similar. In this study, we identified Spirochaetaceae as significantly correlating with
this digestive system and, as it is the only family assessed, with Equidae. This is consistent with
previous findings that Spirochaetaceae is a predominant core member in the equid microbiota
(Yatsunenko et al., 2012; Obregon-Tito et al., 2015; Edwards et al., 2020). Another important taxon in
the Equidae is Fibrobacteraceae (Figure 1,2). This family consists of only one genus, Fibrobacter.
Taxa within this genus are particularly known for their ability to degrade cellulose in low-oxygen
environments, and therefore contain many genes encoding glycoside hydrolases (Montgomery et al.,
1988; Abdul Rahman et al., 2015). In terms of archaeal taxa, the Equidae are distinct from the
Giraffidae and Bovidae. Here, we identified Methanocorpuscularceae as another class of methanogenic
archaea within the fecal microbiota of herbivores. This taxon has also been identified in several
Equidae species (Edwards et al., 2020) suggesting that the archaeal microbiota is also host- or at least
digestion type specific.

Regarding the simple digestive system, strongly correlating taxa such as Fusobacteriaceae and
Clostridiaceae, are mainly involved in protein degradation and digestion of high-fat diets, which again
strengthens the influence of diet on the microbiota. We found no strong correlations with microbial
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taxa for carnivore and omnivore host species, which may be a limitation for the model prediction. One
reason for this may be that this digestive system does not show a specific adaptation to microbial
fermentation, as is the case for herbivores. An exception within the simple digestive system is the
Ailuridae, which belongs to the order of Carnivora but in its natural habitat the diet of this family
consists mainly of Arundinaria spp. as well as seasonal fruits (Pradhan et al., 2001; Panthi et al., 2015).
Across the assessed zoos, the diet of this family was very close to this. Bamboo was provided ad libitum
and a daily variation of fresh fruit was added to the feeding protocol. This family shows a large
proportion of Enterobacteriaceae. Enterobacteriaceae express many genes encoding thiosulfate
sulfurtransferases that is able to break down cyanide compounds. These metabolites are found in
bamboo species such as Arundinaria spp. and therefore this bacterial taxon may play a role in
detoxification of the Ailuridae (McKenney et al., 2018; Zhu et al., 2018).

Further indications for a possible differentiation of carnivore and omnivore host species can be
morphological differences in the simple digestive system. For example, both Ailurus fulgens and Ursus
arctos have no caecum so microbial fermentation takes place in the enlarged large intestine (Roberts
and Gittleman, 1984; Stevens and Hume, 1995). This increased intestinal surface might be an
adaptation for microbial fermentation of plant material.

Overall, the different digestive systems have a strong impact on the respective microbiota and the
microbial taxa necessary for the digestive process are important to distinguish between the digestive
system or host-families.

4.2 Developing a model to identify host-specific information from the microbiota

The analytical challenge we addressed is a classification problem, with the aim to predict categorical
outcomes such as diet, digestion type or host-family, based on the microbiota composition of various
species. For such classification issues, logistic regression and decision trees are commonly employed
models. Logistic regression is advantageous when the probability of a class membership is a linear
function of the features, and it is particularly effective in binary and multinomial scenarios. Decision
trees are favored for their interpretability and ease of handling non-linear relationships and have been
used in microbiome studies as well (Roguet et al., 2018). In the present study, however, we decided to
use logistic regression instead of random forest models. This improved efficacy can be attributed to
logistic regression's resilience against overfitting, especially when the underlying relationship between
the predictor variables and the log-odds is linear. Decision trees, while powerful, can sometimes overfit
the training data, particularly when the feature space is large, and the model is complex. Given these
considerations, logistic regression was selected as the primary model moving forward.

A logistic ensemble model was developed to extract as many host-specific information as possible
from an unknown fecal sample. Mainly, the three factors diet, digestive system and host species, that
shape the microbiota composition, are of interest. The model accurately distinguishes between the diet
type and the herbivore digestive systems with a high model accuracy and nearly perfect F1 scores. This
indicates that the model is sound from a computational perspective and furthermore supports the
hypothesis that diet and the morphology of the digestive system have a strong influence on the
composition of the microbiota (Ley et al., 2008a; Ley et al., 2008b; O' Donnell et al., 2017; Zoelzer et
al.,2021). For carnivores, which all have a simple digestive system, we tried to identify the host-family.
The overall model accuracy is 79%, but the F1 scores vary between the host-families. The best results
are obtained for Canidae (F1=0.93) and Felidae (F1=0.82) samples. To the best of our knowledge, this
is one of the first studies that clearly distinguishes between canid and felid microbiota sample. Many
studies focusing on the differences between carnivores, herbivores and omnivores found no distinct
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clustering of samples from these two groups. In contrast, canids and felids mostly fall into the same
cluster and even express a high variability within the respective cluster (Vital et al., 2014; Zhu et al.,
2018; Guo et al., 2020). The fact that it is possible to distinguish between these two families using the
modelling approach shown here, demonstrates the potential utility of the method in the field of
microbiome research. Differences in the microbiota of canids and felids occur e.g. in the respective
correlating taxa (Figure 1). While canids correlate with Bacteroidaceae, felids show a correlation with
Peptostreptococcaceae that occur in greater proportion in this family. This is in line with the fact that
canids are able to cope with higher amounts of dietary carbohydrates and a fiber-rich diet (Deng and
Swanson, 2015). Bacteroidaceae are often linked and affected by an increased amount of carbohydrates
(Kerr et al., 2013; Panasevich et al., 2015; Vazquez-Baeza et al., 2016) while Peptostreptococcaceae
are linked to the dietary protein metabolism (Schulz et al., 2014; Fan et al., 2017). Another aspect in
the distinction of the canid and felid microbiota may be phylosymbiosis. Since the Canidae evolved in
the Eocene about 40-43 Mya and the Felidae in the Oligocene about 34-24 Mya each microbiota may
have evolved with the respective host-family (Wang, 2008; Tedford et al., 2009; Berta, 2011). The
classification of the Ursidae results in a F1 score of 0.79, slightly less accurate than the Canidae and
Felidae. Overall a distinction of the Ursidae was to be expected. Many descriptive studies on the
microbiome of different mammals show that the Ursidae cluster slightly separated from other carnivore
species, being grouped together with panda species (Ley et al., 2008a; Zoelzer et al., 2021). During
this third step of host-family identification limitations occur in identifying the Herpestidae. Reasons
for this may be the small sample size of 20, which is the minimum number that was being applied to
the model. Therefore, it is recommended for future studies that for host-family or even species
detection, the sample size should be increased.

With an increased sample size, host-family detection would also be possible within the different
herbivore digestive systems. The model reaches a very good accuracy for the herbivore digestive
systems. Furthermore, Figures 1 and 2 suggest that the microbiota of hindgut fermenters such as the
Equidae is distinct from other herbivores, so it makes sense that the model is able to identify this host-
family. Furthermore, the model reaches a F1 score of 0.92 for the herbivores with a simple digestive
system, namely the Ailuridae. This was also expected. As previously discussed, this family is
characterized by a herbivore diet, simple digestive system and belongs to the Carnivora. Because of
this unique combination of host-specific factors, and the high model accuracy in discriminating diet
and digestive system, the Ailuridae can be identified as host-family.

Overall, we have developed a model that is able to predict the host’s diet and digestive system very
reliably from a given fecal microbiota composition. Limitations arise in the prediction of host-families
which works very well for the carnivores, but more effort is needed to train the model on herbivores.
To improve the accuracy of the model, the number of samples per family should be increased
considerably. With this enlarged dataset the model is even able to identify host-species without
complications. As a guideline, we would use a number of at least 50 samples per species, as this worked
well to identify canid and felid host-families. Furthermore, it would be interesting to implement time
series data for different individuals per species. As we have shown in a previous study, it is possible to
identify individuals, that show a very unique microbiota, based on such datasets (Zoelzer et al., 2023).
This was possible because of low-abundant bacterial taxa that varied temporarily within and between
individuals. Not only could this improve the model accuracy because of more input data per species, it
would also open up a new level beside species recognition — individual identification. Some studies
have already successfully identified host-specific factors such as age (Biagi et al., 2012; Yatsunenko
et al., 2012; Bjork et al., 2019; Low et al., 2022), diet (Ley et al., 2005), health status (Greenblum et
al., 2012; Tuddenham and Sears, 2015; Gupta et al., 2020) or even kinship from the microbiota
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composition, nevertheless this studies were mostly performed on one species. With an ensemble model
approach as presented in this study, such host-specific information could be gained from a variety of
species, originated from undisclosed fecal samples.

Conclusion

We were able to show that diet, digestive system and host-family are influencing factors for an animal’s
microbiota. Based on these findings, we developed a logistic ensemble model that is able to identify
the host’s diet and digestive system very accurately. Furthermore, the identification of host-families
works very well for carnivores, but limitations arose due to small sample sizes. Future studies will
overcome these limitations by increasing sample size and including more host species in the model.

Such modelling approaches are very promising in the field of microbiome research as they provide
new opportunities to combine the analysis of microbial data with host metadata. This has a wide range
of applications, particularly in field studies. Fecal samples can be easily collected from wildlife
hotspots such as waterholes or grazing areas, but host information is usually rare or difficult to collect
non-invasively. Currently, this is usually done by fecal microsatellite analysis. Unfortunately, this
method is cost-intensive because microsatellite loci need to be described for a species or at least a
group of animals, and multiple microsatellites are required for species identification (Kurose et al.,
2005; Miller et al., 2016; Walker et al., 2019). Another limitation is the need for high quality host
DNA, which is possible but difficult to obtain from fecal samples. Therefore, the modelling approach
to gain as much host specific information as possible from the fecal microbial composition is promising
as it is more cost- and labor efficient than traditional approaches and opens up a new field in
microbiome research.

Figure 1: Pearson correlation between different host-specific groups and microbial taxa. (A) shows the
correlation of diet, (B) the correlation of the digestive system and (c) the correlation of the host-family
with microbial families. The coloring scheme ranges from highly negatively correlating (dark blue) to
highly positively correlating (dark red) taxa. For this analysis a threshold of the correlation coefficients
was set to a minimum of R>0.3.

Figure 2: Average taxonomic microbial composition of different host-specific groups. Only the
respective correlating taxa (R>0.3) are colored to show the differences within diet type, digestive
system and host-family. Furthermore, the F1 score of the logistic regression model is shown for each
category.

Table 1: Logistic ensemble model to characterize an unknown fecal sample. The different levels are
shown in bold in the first column including the respective categories. The overall model accuracy, F1
scores and support are given in the following columns.

11



479

480

481
482

483

484
485
486
487

488

489
490
491
492

493

494
495
496
497
498

F1 score Support Accuracy
Diet 0.88
herbivore 0.93 48
carnivore 0.87 45
omnivore 0.71 12
Digestive system 0.98
ruminant 0.98 25
hindgut 1.00 17
simple 0.92 6
Host-family 0.79
Canidae 0.93 14
Felidae 0.82 27
Herpestidae 0.00 4
Ursidae 0.79 12
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