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Abstract

The pathophysiology and pathogenesis of several metabolic and inflammatory
diseases is associated with specific taxa within the human gut microbiome and
the microbial amino acid metabolism. However, these ecological changes remain
still poorly understood. Studying amino acid auxotrophic bacteria, which are
incapable of the de novo synthesis of vital nutrients like amino acids and known
to influence the ecology of microbial systems, could improve the understanding
of ecological imbalances of the human gut microbiome in diseases. So far, the
distribution and impact of amino acid auxotrophies on the human gut microbiome
is not well studied. In this thesis, the distribution of amino acid auxotrophies is
characterized in small and large intestinal microbiomes in non-dysbiotic and
dysbiotic states. In addition, the influence of auxotrophies on the ecology of the
human gut microbiome, particularly the diversity and long-term stability, is
analyzed.

This thesis revealed that auxotrophies in the human gut microbiome are
ubiquitous. Auxotrophies for human-essential amino acids, especially tryptophan,
are most common. In non-dysbiotic states, auxotrophies are more abundant in
the small intestine than the large intestine but decreased in small intestinal
bacterial overgrowth.

Analysing the ecological impact of auxotrophies on the human gut microbiome
showed that auxotrophies positively influence the diversity and long-term stability
of the human gut microbiome. Cross-feeding of amino acids was further positively
associated with diversity and long-term stability.

Auxotrophies were predicted with genome-scale metabolic modeling in this
thesis. Discrepancies are known for in silico predictions of auxotrophies when
compared to experimentally verified auxotrophies results. Therefore, genome-
scale metabolic modeling and Gapmind, which uses genome annotation for
auxotrophies prediction, are validated with genomes from experimentally verified
auxotrophic bacteria. Genome-scale metabolic modeling and GapMind showed
an accuracy of over 90%.

Conclusively, this thesis shows that amino acid auxotrophies are common in the
human gut microbiome. Significantly, auxotrophies contribute to both the diversity
and long-term stability of the gut microbiome. Further, the accuracy of genome-

scale metabolic modeling for predicting auxotrophies was confirmed underlining



its potential as a valuable tool in auxotrophic predictions. These findings have
implications for understanding microbial ecology in gut health and may inform

future strategies to modulate the gut microbiome in diseases.



Zusammenfassung

In vielen entzindlichen und metabolischen Erkrankungen sind die
Zusammensetzung und Funktion des Darmmikrobioms verandert. Dabei spielt
der mikrobielle Aminosaure-Stoffwechsel eine Rolle bei der Pathophysiologie
dieser Erkrankungen. Aminosaure-auxotrophe Bakterien beeinflussen die
Okologie in mikrobiellen Systemen. Die Untersuchung ihrer Verteilung im
Darmmikrobiom konnte helfen, Dysbiosen in Krankheitszustanden besser zu
verstehen. Auxotrophe Bakterien sind nicht in der Lage, bestimmte fur ihr
Wachstum benotigte Nahrstoffe, wie zum Beispiel Aminosauren, selber
herzustellen, wohingegen prototrophe Bakterien selber Aminosauren herstellen
konnen. Auxotrophe Bakterien sind daher auf die Aufnahme von Aminosauren
aus ihrer Nahrstoffumgebung angewiesen. Obwohl bekannt ist, dass
Auxotrophien die Okologie mikrobieller Systeme beeinflussen, sind ihre
Verteilung und ihr Einfluss auf das Darmmikrobiom im Menschen bisher wenig
untersucht. In dieser Dissertation wird die Verteilung von Aminosaure-
Auxotrophien im Mikrobiom des Dinndarms und Dickdarms im dysbiotischen und
nicht dysbiotischen Zustand analysiert. Weiter wird der Einfluss von auxotrophen
Bakterien auf die Diversitat und Langzeitstabilitdt des Darmmikrobioms
untersucht.

Die Analyse der Verteilung von Auxotrophien im Darmmikrobiom zeigte, dass
Auxotrophien im Darmmikrobiom besonders fur die vom Menschen essentiellen
Aminosauren verbreitet sind. Im Mikrobiom des Dunndarms sind mehr
Auxotrophien zu finden als im Dickdarm im nicht dysbiotischen Zustand. Jedoch
sind sie im dysbiotischen Zustand der Dunndarmfehlbesiedelung reduziert.

Es ist bereits bekannt, dass auxotrophe Bakterien einen Einfluss auf die Okologie
von mikrobiellen Systemen haben, daher wurde ein Zusammenhang zwischen
auxotrophen Bakterien im Dickdarm und der Diversitat und Langzeit-Stabilitat
des Darmmikrobioms untersucht. Auxotrophe Bakterien haben einen positiven
Einfluss auf die Diversitat und Langzeitstabilitdt des Darmmikrobioms. Ebenso
wurde ein positiver Zusammenhang zwischen dem potentiellen Austausch von
Aminosauren zwischen auxotrophen und prototrophen Bakterien und der
Diversitat und Langzeitstabilitat beobachtet.

In dieser Dissertation werden Auxotrophien mit Genom-skalierter metabolischer

Modellierung vorhergesagt. Hierbei handelt es sich um eine in silico Methode,
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deren Vorhersagen jedoch in anderen Studien starke Abweichungen zu
experimentell validierten Auxotrophien gezeigt haben. Daher ist ein wichtiger
Bestandteil dieser Dissertation die Validierung von mit metabolischer
Modellierung vorhergesagten Auxotrophien. Dafur wurden metabolische Modelle
mit Genomen von experimentell bestatigten auxotrophen Bakterien rekonstruiert
und die Auxotrophievorhersagen daraus noch mit einer zweiten in silico Methode,
GapMind, verglichen. Beide Methoden zeigten eine Genauigkeit von Uber 90 %.
Zusammenfassend wird in dieser Dissertation zum ersten Mal die Verteilung von
Auxotrophien im Darmmikrobiom des Menschen beschrieben sowie ihr positiver
Einfluss auf die Diversitat und Langzeitstabilitat. Auxotrophe Bakterien sind im
Dunndarmmikrobiom erhoht im Vergleich zum Dickdarmmikrobiom im nicht
dysbiotischen Zustand, aber reduziert in der Dinndarmfehlbesiedelung. Weiter
zeigte die Validierung der Vorhersage von Auxotrophien durch metabolische
Modellierung eine Genauigkeit Uber 90 %. Die Ergebnisse dieser Arbeit tragen
dazu bei, das Verstandnis der mikrobiellen Okologie im Darm zu vertiefen und
konnten neue therapeutische Ansatze zur Modulation des Mikrobioms in

Krankheitszustanden aufzeigen.
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Chapter |: General Introduction

1 The microbiomes of the human gastrointestinal tract
The human gastrointestinal tract is colonized by microorganisms influencing human
health [1]. The microorganisms in the human gastrointestinal tract are referred to as
the human gut microbiome and include bacteria, viruses, archaea, and fungi [2]. The
gut microbiome influences biological processes in humans [1], [2]. Alterations in the
gut microbiome composition are related to the pathophysiology of several metabolic
and inflammatory diseases [1]. This section gives an overview of the diversity of
bacteria found in the human gastrointestinal tract and how their metabolisms are
related to the pathophysiology of diseases. Since this thesis analyses amino acid
auxotrophies in human gut bacteria, this introduction focuses on the involvement of
microbial amino acid metabolism in metabolic and inflammatory diseases.
Phyla found in the microbiomes from the oral cavity to the large intestine are
Firmicutes, Actinobacteria, Proteobacteria, Veruccomicrobiota, and Bacteroidetes, but
their abundances vary in gastrointestinal regions [3]. The oral cavity is colonized by
aerobic microorganisms, mainly by Streptococcus (Firmicutes) [3]. As a connection
between the oral cavity and stomach, the esophagus is found to have a similar
microbiome to the oral cavity, with Streptococcus being the most abundant genus [4].
With its acidic environment, the stomach harbors only a few bacteria, which belong to
Helicobacter, Firmicutes, and Proteobacteria [5], [6]. The lower part of the
gastrointestinal tract is divided into the small and large intestine. Firmicutes and
Proteobacteria are most abundant in the small intestinal microbiome, but
Bacteroidetes, a prominent colonizer of the large intestine, are less abundant [7].
Many studies showed the involvement of the gut microbiota in human health. The oral
microbiome is involved in the development of caries, periodontitis, and other diseases
located outside the oral cavity, like inflammatory bowel disease (IBD) [8], [9]. Further,
the oral microbiome is associated with the risk of cancer in the esophagus [10].
Helicobacter pylori is known to be involved in stomach cancer [11]. Small and large
intestinal microbiomes are further involved in various inflammatory and metabolic
diseases [1], [12]. Thus, the microbe-host relationship is important for human health.
Microbes interact with the host by the synthesis of various metabolites. A major focus
has been on the bacterial synthesis of short-chain fatty acids (SCFA), namely acetate,

butyrate, and propionate in the gut, which is known to be involved in inflammatory (e.g.,
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IBD) and metabolic diseases (e.g., type 2 diabetes, obesity) [13], [14]. The gut
microbiota produces metabolites from dietary compounds or endogenous compounds.
Some metabolites act directly in the gut (e.g., on the epithelium barrier), and others
are absorbed across the mucosa and transported into the bloodstream [15]. Moreover,
extensively studied metabolites are tryptophan and its derived metabolites in IBD [16],
[17]. Other microbiota-produced metabolites, like branched-chain amino acids, bile
acids, and their derivatives, are also well studied for their impact on human health [18].
In conclusion, the gut microbiota is an important factor that influences human health.
Since people with metabolic and inflammatory diseases are rising worldwide [20], [21],
research about the host-microbe relationship promises new potential therapeutic

approaches.

1.1 Protein and amino acid metabolism in small and large intestinal
microbiomes

Proteins, peptides, and amino acids are energy and carbon sources for gut bacteria
[19]. Auxotrophic bacteria are incapable for the de novo biosynthesis of amino acids,
so they must acquire amino acids from their environment (see definition in subchapter
II) [20]. Therefore, the availability of amino acids is crucial in the environment of
auxotrophic bacteria. So far, sources for amino acids and ways for nutrient acquisition
(e.g., peptidolysis) are not known for auxotrophic bacteria in the small and large
intestines but will be a topic of this thesis. Therefore, this subchapter gives information
about the current knowledge of protein and amino acid metabolism in small and large
intestinal bacteria in general.
The nutritional landscape of proteins, peptides, and amino acids in the small and large
intestine is influenced by dietary protein digestion by human enzymes, secretion of
host and bacterial proteins, and peptidolysis by bacteria in small and large intestinal
microbiomes (Fig.1) [21], [22], [23], [24]. Free amino acids are available for bacteria in
the small intestine but inaccessible for bacteria in the large intestine [21]. They do not
reach the colon in substantial amounts as they are fully absorbed in the small intestine;
therefore, they are particularly a source of small intestinal bacteria [21]. Indeed, the
metabolism of amino acids and proteolytic activity is strongly present in the small
intestinal microbiome [25].
Peptidolysis is another way bacteria acquire amino acids in the gut, especially in the

large intestine [26], [27]. Small and large intestinal microbiomes differ quantitatively
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and qualitatively in proteolytic behavior [24]. The small intestinal microbiome generally
has higher proteolytic activity than the colonic microbiome [27]. More soluble proteins
were observed in the small intestine [28], which are more prone to be degraded by gut
bacteria [22]. Bacteroidetes, more abundant in the colon, prefer host proteins (e.g.,
mucus), whereas Firmicutes, strongly present in the small intestine, prefer dietary
proteins, which are more available in the small intestine [21]. Bacteria in the small
intestine can degrade dietary proteins like casein and proteins in soybean flour [24].
Access to nutritional proteins is limited for bacteria in the lower gastrointestinal tract
because of human enzyme protein degradation and amino acid absorption in the small

intestine [29], which explains the proteolytic behaviour of bacteria in the small and large
intestine.
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Figure 1: Protein and amino acid sources for bacteria in the small and large intestine

The proteinaceous environment in the small and large intestine.



However, the colonic microbiota also has proteolytic potential towards dietary proteins
[28]. Undigested dietary proteins can reach the large intestine and can be degraded
by the residing bacteria [21].

Several other protein sources were identified as either preferred by small or large
intestinal bacteria. Akkermansia muciniphila and Bacteroides acidifaciens, common
colonizers of the colon, were identified as two bacterial species that can degrade host
proteins [30]. Serum albumin was only degraded by colonic bacteria and not by small
intestinal bacteria [24]. Pancreatic enzymes are also a favorable protein source of large
intestinal bacteria [31]. Additionally, large intestinal bacteria degrade mucin [32].
Collagen was less degraded by bacterial proteases from the small and large intestinal
microbiome [24]. Bacterial proteins like proteases are another protein source for gut
bacteria. Bacteria secrete proteins in the large and small intestines, whereas more
proteins (e.g., enzymes) are secreted by bacteria in the large intestines [23].
Consequences of the bacterial protein and amino acid metabolism are the production
of various metabolites. Proteins, peptides, and amino acids are degraded into organic
acids (e.g., SCFAs), kynurenines and indoles, and several gases like ammonia, CO,,
Ho, and H,S (Fig. 2) [19]. Quantitatively, the compounds derived by proteolysis are
based on the protein source [22]. One study compared the synthesis of SCFA using
different protein substrates. While acetate is abundantly produced across casein,
bovine serum albumin, and collagen as substrates, butyrate is more readily produced
using casein and bovine serum albumin. Meanwhile, propionate and succinate
production are preferentially produced with casein. Further, several phenolic and
indolic compounds were found in higher quantities after the proteolysis of casein [24],
Many phenolic and indolic compounds are formed by the microbial degradation of
tryptophan and include indole, tryptamine, indole ethanol, indole propionic acid,
indoleacetic acid, skatole, indole aldehyde, and indoleacetic acid [17]. Several strains
belonging to Bacteroidetes spp. could degrade tryptophan into indolic compounds [33].
Further, sulfur-containing amino acids are microbially degraded to H,S. Human gut
bacteria can degrade cysteine and methionine to H,S [34], [35].

In sum, the nutritional landscape of proteins, peptides, and amino acids in the
intestines is shaped by several factors, including proteolysis. However, for auxotrophic
bacteria in both the small and large intestines, the specific amino acids they rely on,

as well as the presence of peptidase genes, remain unclear. Additionally, while amino



acids can be degraded into SCFAs and other compounds, the potential biosynthesis

of SCFA of auxotrophic bacteria compared to prototrophic bacteria is not yet known.
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Figure 2: Microbial protein degradation by the human gut microbiome [adapted from 38]
Pathways of the protein degradation by the human gut microbiome, grey-colored boxes are
the substrates; dotted boxes include intermediate metabolites, and white colored the product;

AA abbreviates amino acid.

1.2 Involvement of the microbial amino acid metabolism in the gut in

inflammatory and metabolic diseases
Amino acids are not only a fuel source for bacteria in the gut but for the host. Some
amino acids are essential for humans because humans cannot synthesize them.
Dietary proteins are digested, and essential and non-essential amino acids are
absorbed into the bloodstream. Further amino acids exhibit directly effects in the gut
by being a fuel source for the gut mucosa helping to maintain its integrity which is
disrupted in diseases [36]. Bacteria in the human gut microbiome influence circulating
levels of amino acids, which affects the host homeostasis [37]. The microbial amino
5



acid metabolism in the gastrointestinal tract is associated with disease progression
and severity (Fig. 3) [38], [39], [40]. The biosynthesis of amino acids in the human gut
microbiome is related to inflammatory and metabolic diseases and their
pathophysiology [39]. Since this thesis is about amino acid auxotrophies in the human
gut microbiome, this section gives an understanding of why studying the amino acid
metabolism in the human gut microbiome is important and describes the current
knowledge about microbial amino acid metabolisms in metabolic and inflammatory
diseases. This section covers both the small and large intestinal microbiome. However,
the main focus of research has been on the large intestinal microbiome and its
association with diseases, as the microbial sampling process of the small intestine is
still challenging [12]. Research on the metabolic functions of the small intestinal
microbiome remains limited due to the challenges associated with sampling from this
region.

One of the most extensively studied amino acids related to diseases is tryptophan.
Several studies showed that tryptophan and its degradation products are involved in
the pathophysiology of IBD. Tryptophan can be microbially degraded to kynurenine
and indole derivatives [41]. Some tryptophan-derived metabolites like tryptamine and
indoleacetic acid are aryl hydrocarbon receptor ligands (Ahr). Activation of the Ahr is
involved in the immune response [17] and plays an important role in inflammatory
diseases like IBD. A study showed that the gut microbiota in IBD has a reduced
potential for the production of ligands of Ahr [42]. In addition, serum levels of
tryptophan in IBD patients were found to be significantly decreased, and several of the
serum levels of kynurenine pathway metabolites were altered in comparison to those
of the control group [43] [44]. The microbial composition was statistically significantly
different in high tryptophan serum level patients in comparison to low tryptophan serum
level patients [43]. Tryptophan-derived metabolites also play a role in metabolic
diseases. For example, tryptamine is involved in diabetes, and a recent study showed
its effect on insulin sensitivity [38].

Additionally, tryptophan, thr small intestinal microbiome and mood disorders are linked.
In small intestinal bacterial overgrowth (SIBO), characterized by over colonization of
10° bacteria/ml and associated with several diseases, lower tryptophan in urine as well
as higher levels of the kynurenine to tryptophan ratio were found together with anxiety
and depression. After antibiotic treatment, the lactulose hydrogen breath test indicated

a decrease in bacterial load in the small intestine, urinary tryptophan levels increased,
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the kynurenine/tryptophan ratio decreased, and mental symptoms improved [45]. Also,

other levels of tryptophan derivatives were affected by SIBO [46].
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Figure 3: Microbial amino acid metabolism associated with metabolic and inflammatory
diseases

The amino acid metabolism of small and large intestinal microbiomes is associated with
several diseases. The gut microbiome shows a higher (+) or reduced (-) capacity for
synthesis/degradation of the focal amino acid and its derivatives in diseases compared to
healthy individuals. The icon was taken from flaticon (creator: Nortch), abbreviations: aryl
hydrocarbon receptor — AHR, IBD — inflammatory bowel disease, LI — large intestine, S| —small

intestine, SIBO — small intestinal bacterial overgrowth

Other amino acids involved in diseases are branched-chain amino acids (BCAAs). The
microbial metabolism of BCAAs in the gut is associated with metabolic diseases and

their pathophysiology. Insulin sensitivity is associated with higher serum levels of



BCAAs, and bacterial species in the gut are suggested to have an impact on serum
BCAA levels [39]. Some species are the main drivers for this observed effect.
Prevotella copri and Bacteroides vulgatus were presumably responsible for the
biosynthesis of BCAAs. In a mouse model, the increase in BCAAs in serum and lower
insulin sensitivity indicated the involvement of these species in the disease [39].
Interestingly, another study shed light on a bacterial species that positively affects
insulin sensitivity. The genus Faecalibacterium, especially F. prausnitzii, showed
promising potential on regulating BCAA serum levels as it negatively correlated to
BCAA serum levels and the marker HOMA-IR in humans [47]. Not only the microbiome
in the large intestine is involved in the pathophysiology of diabetes but the microbiome
of the small intestine. A study comparing the duodenal and stool microbiota in
hyperglycemia and normoglycemic groups found no difference in the stool microbiota
but in the duodenal microbiota. The duodenal microbiota of hyperglycemic patients
showed a reduced capacity for synthesizing aromatic amino acids, but the microbial
synthesis of aromatic amino acids was negatively associated with the glycemic marker
HbA1c [48].

In addition, the human gut microbiome might be related to the pathogenesis of obesity.
In obese humans, associations between the human gut microbiome and BCAA serum
levels were found [49]. A higher capability for producing BCAAs was found in the gut
microbiome of patients with obesity. Bacteroides thetaiotaomicron in the gut
microbiome affected amino acids in serum [50]. After the patients' weight loss, the gut
microbiome showed a microbial amino acid profile similar to the lean control group
[49]. However, another study in patients with obesity found no statistically significant
association regarding amino acid metabolism [50].

Recent studies also showed the involvement of sulfur-containing amino acids in
diseases [34], [51]. Sulfur-containing amino acids like cysteine and methionine can be
microbially degraded to H,S (Fig. 2) [35]. The degradation of cysteine to H2S is more
abundant in gut microbiomes of patients with IBD and colorectal cancer than in healthy
individuals [34]. Indeed, measuring the exhaled amount of H,S was successfully tested
as a diagnostic marker for colorectal cancer [52]. In high amounts, H2S can have pro-
inflammatory effects in the gut and even promote tumorigenesis; however, in lower
amounts, it can benefit the gut microbiome. It can protect the microbiome while
administering antibiotics, stabilize microbial biofilms, and help maintain the gut mucus

integrity [53]. Further, H,S in breath is elevated in patients with SIBO and was indicated
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as a new biomarker for improving the diagnosis of SIBO in irritable bowel syndrome
[54].

In conclusion, the microbial amino acid metabolism in the small and large intestines is
involved in the pathophysiology of several diseases. Research about the human gut
microbiome in health and disease has focused only on the presence of amino acid
biosynthesis pathways. This thesis focus not on the amino acid biosynthesis but on
the nutritional requirements (amino acids) of the human gut microbiome by studying
amino acid auxotrophies in human gut bacteria in non-dysbiotic and dysbiotic states.
Additionally, a direct influence of amino acid auxotrophies in SIBO is not known even
if altered metabolomics of tryptophan and derivatives were observed. By analyzing

auxotrophies in SIBO, our knowledge can be expanded on the etiology of SIBO.

1.3  Ecology of the human gut microbiome in health and disease

In the previous subchapters, it was highlighted that the microbial composition and
metabolic profile in the gut is statistically significant different in diseases [39], [40], [49],
[55]. In particular, the amino acid metabolisms is related to disease pathophysiology
[39], [49]. Other characteristics observed in the human gut microbiome of patients in
inflammatory and metabolic diseases is a reduced diversity and stability (Box 1) [56].
In the human gut microbiome, perturbations are antibiotics, dietary changes, and
medications [57]. Additionally, less exchange of nutrients (termed cross-feeding)
between microorganisms in the gut describes the ecology in the gut in disease states
[58]. The following section will explore whether it is possible to define a “healthy”
human gut microbiome and describe the current knowledge of the ecology of the
human gut microbiome in diseases. Studying the ecology of the human gut microbiome
can help expand knowledge about compositional and metabolic functional changes in
diseases.

Researchers are trying to evaluate if there is a “healthy” human gut microbiome. So
far, a “healthy” human gut microbiome can be characterised as having a stable core
microbiome (Box 1), high taxonomic diversity and gene richness (Box 1) but there is
not yet a healthy human gut microbiome defined on taxonomic level [59]. This kind of
definition might never arise because of the high variability of the human gut microbiome
and niche specilialization of the human gut microbiome in healthy individuals, though
metabolic functions are conserved across individuals [3].

The human gut microbiome in non-healthy individuals is often described as dysbiotic.

A dysbiotic microbiome can be described as less adapted to its environment [60].
9



Recently, a study showed that the gut environment in diseases selects for specific
bacteria, leading to a shift in the microbial composition. Bacteria are favored with more
complete pathways for the biosynthesis of vitamins and amino acids, acting therefore
independently [40]. Further, one characteristic of the human gut microbiome in
dysbiotic states across several metabolic and inflammatory diseases (e.g., IBD) is a
reduced diversity (Box 1) of the human gut microbiome [49], [61]. A highly diverse gut
microbiome protects against the invasion of pathogens and is more resilient towards
perturbations [62]. Recent studies showed that microbial communities in the gut are
more stable with higher diversity [59].

Another contributing factor to gut ecology is cross-feeding between microorganisms in
the gut (Box 1, subchapter 2.3. Cross-feeding is established in the human gut
microbiome and one study estimated that approximately 90 % of the produced
metabolites by the human gut microbiome are secreted in the intestinal environment
some of which are utilised by other microorganisms [63]. Cross-feeding is reduced in

the human gut microbiome in disease states [58].

Box 1: Definitions of terms describing the ecology of the human gut microbiome
Stability: Stability refers to the ability of a microbial systems to maintain the microbial
composition or restore it [64]. The stability of the human gut microbiome is measured by the
dissimilarity index between samples over time refered to as beta-diversity [65].There are two
terms describing stability in microbial systems. Resistance refers to the microbiome to
survive external stress and resilience to survive pertubations by restoring the microbial
composition to its previous states [65].

Diversity: The diversity refers to the number of different species found in the human gut
microbiome [56]. The diversity of the human gut microbiome is analysed by calculating the
alpha-diversity. The alpha-diversity refers to the number of taxnomoic units present in a
sample (richness) or their distribution (eveness) [65].

Cross-feeding: The exchange of nutrients between organism is determined as cross-
feeding. Microorganisms in the human gut consume and produce metabolites [63].

Core microbiome: The core microbiome refers to the taxonomic composition of the

microbiome shared between two and more samples and is a characteristic of a host [66].

In conclusion, a diverse human gut microbiome is intrinsically more stable, with higher
resilience to perturbations and greater protection against pathogen invasion. In
disease states, both diversity and cross-feeding are reduced. It is already known that

auxotrophies influence the ecology in microbial communities (Chapter | 2.3). However,
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it remains unclear how amino acid auxotrophies influence gut ecology, particularly in
terms of diversity and stability. This presents an area for future research to deepen our
understanding of the human gut microbiome in health and disease and will be the main

topic of Chapter lll.

2  Auxotrophic genotypes in microbial communities
Auxotrophy defines an incapability to de novo synthesise essential nutrients like amino
acids and B-vitamins due to a loss of biosynthetic genes [20]. This thesis focuses on
amino acid auxotrophies in bacteria. Amino acids are building blocks of proteins and
an energy source for bacteria [67]. Since auxotrophic bacteria are missing the
biosynthetic capability of essential nutrients like amino acids, they are dependent on
the essential nutrient being available in the environment for survival. Prototrophic
bacteria are able to de novo synthesise their essential nutrients. Those two genotypes
shape microbial communities [20].
Auxotrophic bacteria are common in microbial communities [68], [69]. However, they
are more prevalent in host-associated microbiomes and fermented foods. For
example, bacteria in several body habitats of humans showed high number of
auxotrophies [68]. In free-living habitats like soil and marine, the number of
auxotrophies is reduced in bacteria [68]. Essential nutrients for auxotrophic bacteria
might be more available in food-associated and host-associated environments.
Habitats with Proteobacteria being the most dominating taxa, like rhizosphere and soil,
had the lowest number of auxotrophic bacteria, whereas habitats like the human gut
dominated by Firmicutes showed more auxotrophies [68]. Most frequently found are
auxotrophies for leucine, isoleucine, valine, and less frequently, for asparagine,
glutamine, and glycine auxotrophies [68].
So far, research about amino acid auxotrophies in the human microbiome and their
involvement in human diseases is limited though several amino acid auxotrophies are
found in pathogenic bacteria, for example auxotrophic variants of Pseudomonas
aeruginosa are associated with patients infected with cystic fibrosis (CF) [70], [71].
However, several studies have already investigated auxotrophies for B-vitamin
auxotrophies in the human gut microbiome [72], [73], [74], [75]. B vitamins are co-
enzymes or precursor molecules for co-enzymes in bacteria [72].
Auxotrophic bacteria are not only associated with diseases like cystic fibrosis (CF) but

also offer promising opportunities for therapeutic applications. One particularly
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intriguing area of research is their potential use in cancer treatment. Cancer cells
require amino acids and auxotrophic bacteria can starve cancer cells to death by
competing with them for amino acids. For example, Salmonella typhimurium,
auxotrophic for leucine and arginine, was effective in prostate cancer cells and stopped
the proliferation of the amino acid-dependent cancer cells in a mouse model [76].
Successful interventions of a tryptophan auxotrophic S. typhimurium were further
observed in breast cancer [77]. Though there is another approach for auxotrophic
bacteria that is the use of auxotrophic strains as biosensors to detect amino acid
concentrations. For example, Escherichia coli was successfully engineered as a
biosensor [78].

Conclusively, auxotrophs are ubiquitous in microbial communities across different
habitats. They are already related to the pathogenesis of CF, used as therapeutic
agents against cancer and considered as biosensors. The following subchapter states
the current knowledge of auxotrophies in the human microbiome with focus on amino
acid auxotrophies. Further, theories are examined regarding the origin of auxotrophies.
Finally, the current understanding of how auxotrophies influence microbial ecology is
summarized. By presenting an overview of auxotrophic genotypes in microbial
systems, this chapter aims to highlight the significance of studying amino acid

auxotrophies in the human gut microbiome.

2.1 Distribution of auxotrophic bacteria in the human microbiome in health

and disease
In humans, several auxotrophic bacteria were observed with some presumably
colonizing disease tissue, but others being common colonizers [63], [70]. Recently, a
study showed their broad distribution in the oral cavity, the human gut, and on the
human skin. Bacteria living in the human gut and oral cavity had 2-3 amino acid
auxotrophies on average, with the oral cavity having the highest number of
auxotrophies [68]. In the human gut microbiome particularly, auxotrophies for amino
acids are still understudied. One study analyzed the presence of genes in the amino
acid biosynthesis pathways in human gut bacteria and a loss in genes were found in
the biosynthesis pathways for tryptophan, methionine, arginine and BCAA [79].
Another study analyzed auxotrophies for amino acids in several human gut bacterial
strains in vitro and determined several auxotrophies [72]. This study further

experimentally validated B-vitamin auxotrophies. B-vitamin auxotrophies for biotin,
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folate, and thiamine were observed in human gut bacterial strains [72]. In particular,
auxotrophies for B-vitamins are already well studied. In a genome-scale metabolic
modeling approach, over 800 gut bacterial strains were studied, and over 70% of the
strains had at least two B-vitamin auxotrophies. Thiamine was the most common
auxotrophy among the bacterial strains, followed by riboflavin and vitamin K.
Interestingly, no auxotrophies for vitamin B12 were found [74]. Multiple studies gave a
broad overview of the presence of genes involved in the biosynthesis of B-vitamin in
human gut bacteria and found several missing genes in the biosynthesis pathways for
B-vitamins [80], [81]. In addition, one study found that more than 20% of human gut
bacteria have auxotrophies for B-vitamins using a gnotobiotic mouse model. For
example, in Faecalibacterium prausnitzii and Akkermansila muciniphila several
auxotrophies were detected [73].

As already mentioned in the introduction of subchapter | 2, pathogenic bacteria,
thriving in host-associated environments, have several amino acid auxotrophies [82].
One well studied example of auxotrophic bacteria in host-associated environments are
the abundance of auxotrophic Pseudomonas aeruginosa in the lungs of patients with
cystic fibrosis (CF) [82], [83]. Auxotrophic variants of P. aeruginosa were able to grow
in the amino acid-rich sputum of CF patients [84]. In severe cases, the proteolytic
activity by host enzymes produces a high amino-acid content in the lungs and
auxotrophic P. aeruginosa thrives in this amino acid-rich environment [85]. In the
genera Klebsiella, Yersinia, Escherichia, and Salmonella multiple auxotrophies were
found. In several Staphylococcus aureus strains, amino acid auxotrophies are further
confirmed [86]. Staphylococcus aureus is known to be arginine auxotrophic which
impacts its virulence in the hosts [87].

Conclusively, auxotrophic bacteria are common in the human microbiome. So far,
several amino acid auxotrophic bacteria were observed in pathogens colonizing
humans. Additionally, B-vitamin auxotrophies are well studied in the human gut
microbiome. However, amino acid auxotrophies are still not well characterized in the

human gut microbiome.

2.2 Origin of auxotrophies
While the previous subchapters described the distribution of auxotrophic bacteria

across various environments, they did not address the theories regarding their

13



development. This chapter explores what drives gene loss in bacteria and whether this
process occurs randomly or is influenced by environmental factors.

Results of experimental designs showed that the environmental availability of amino
acids led to an increase in auxotrophic genotypes, and the number of auxotrophies
increased with the number of generations [88]. Especially functions for regulative
proteins and enzymes are lost [89]. The theory behind the loss of genes as a
consequence of a nutrient-rich environment is called the “Black Queen Hypothesis”
which posits that organisms in microbial communities tend to lose genes that are
metabolically costly to maintain, provided that the required metabolites are supplied by

other community members (Box 2) [90].

Box 2: Black Queen Hypothesis and the reduction of metabolic costs

The hypothesis behind the reduction of metabolic costs in organisms is called the “Black Queen
Hypothesis”. The name refers to the card game. In the game, the black queen card is described
as an undesirable good but must be provided by some players to play the game. Some genes
come with high metabolic costs but can be provided by other organisms in the community.
Therefore, in nutrient-rich environments, it is beneficial for organisms to lose genes that come
with high metabolic costs. However, the metabolite must be provided by other community

members in order to favor these organisms and compensate for the gene loss [90].

Bacteria lose particularly biosynthetic genes for metabolites with high costs [69]
because it is beneficial for them to save metabolic costs [88]. The synthesis of
metabolites (e.g. amino acids) comes with costs, which are defined as consumed mol
ATP per synthesized molecule. Some metabolites come with higher costs than others.
For example, the biosynthesis of methionine costs 20 mol ATP whereas the synthesis
of glycine is neutral [91]. Studies support the theory, that the adaptive loss of genes is
one reason for the development of auxotrophies in bacteria [69], [89], [92]. Particularly,
in host-associated environments, which are more nutrient-rich, amino acid
auxotrophies in bacteria were found [68]. As described earlier , in severe CF patients,
more auxotrophic variants of P. aeruginosa are observed, suggesting an adaptive
behavior towards the amino acid-rich environment in the lungs due to the proteolytic
activity by host enzymes [85]. High amino acid levels support the formation of biofilms
in the lungs of CF patients [93]. Another example supporting this theory is the mucin-
related bacterium Akkermansia muciniphila that was found to be auxotrophic for

threonine, which is provided by the protein-rich backbone of mucin in the gut [94].
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Further, many amino acid auxotrophies are found in lactic acid bacteria. The protein-
rich environment in milk products favors amino acid auxotrophies in bacteria [95].
The loss of genes can confer a fithess advantage, which may explain why the loss of
genes involved in amino acid biosynthesis pathways in nutrient-rich environments is
driven by selection rather than genetic drift [90] [88]. For example, a fitness advantage
of auxotrophic strains was found in various environments, including the intestines of
animals and humans and bladder infections [82]. However, the fitness gain is
dependent on which enzymes in the pathway are lost [69]. Additionally, the available
carbon source influences the metabolic costs: different carbon sources lead to varying
metabolic expenses for amino acid biosynthesis. For example, amino acids with
precursors in glycolysis and the pentose phosphate pathway are metabolically cheaper
produced with glycolytic metabolites than gluconeogenic metabolites. Thus, the growth
of auxotrophs is affected not only by the availability of amino acids in the environment
but also by the available carbon source [96].

While genetic drift could contribute to gene loss in bacteria, particularly in nutrient-rich
environments where random gene deletions are less detrimental [97], studies suggest
that amino acid auxotrophies are more frequently driven by selection [69], This
underscores the adaptive nature of gene loss in response to environmental conditions.
In summary, amino acid auxotrophies are likely driven by the loss of metabolically
costly genes in nutrient-rich environments, where external sources of these
metabolites reduce the selective pressure to maintain their biosynthetic pathways.
However, for the human gut microbiome, it remains unclear whether auxotrophies for
metabolically expensive amino acids are more prevalent in the small intestine, with its
amino acid-rich environment, compared to the large intestine. To date, no studies have
systematically compared the abundance of amino acid auxotrophies between these

two gastrointestinal regions.

2.3 Influence of auxotrophies on microbial ecology
Since auxotrophies are dependent on their nutritional environment, they have to secure
amino acids available in their environment. Auxotrophic bacteria can secure amino
acids released by prototrophic bacteria. Indeed, the presence of auxotrophies in
microbial communities drives the cross-feeding of amino acids [98]. The following

section will determine how cross-feeding in auxotrophic communities influences the
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ecology of microbial systems and what benefits bacteria have from engaging in cross-
feeding.

There are different forms of cross-feeding: unidirectional, bidirectional, and
multidirectional (Fig. 4). In co-culture experiments, all of these interactions were
observed in communities with auxotrophies [99]. Unidirectional interactions between
microbes can become reciprocal, and both microbes can benefit [69]. Cross-feeding in
communities can decrease the number of generalists and increase the number of
specialists [100]. Some microbial community members lose genes for costly
metabolites, thereby becoming specialists in synthesizing metabolites for whose genes
were kept. This is a strategy to save metabolic costs in microbial communities because
decreasing individual costs also means that the community benefits from the labor

division between the community members. Therefore, the community can benefit from

gene loss.
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Figure 4: Forms of cross-feeding
A) Unidirectional cross-feeding, B) Bidirectional cross-feeding, C) Multidirectional cross-
feeding [101]

Cross-feeding from auxotrophic to prototrophic bacteria was observed in several
studies [88], [102], [103]. Providing amino acids by Saccharomyces cerevisiae to
lactobacilli promoted their growth [103]. Syntrophic interactions were observed in a 14-
member community with monoauxotrophs grown together. [102]. In a fly model, cross-
feeding led to the survival of an auxotrophic species in the gut despite the amino acid-
lacking diet [104]. Therefore, in detrimental nutritional environments, cross-feeding
protects auxotrophic species [105]. In addition, both bacteria engaging in cross-feeding
benefit from fitness gain due to reduced metabolic costs by gene loss [98].

Further, cross-feeding showed an impact on the microbial ecology since it indicated a
higher diversity in microbial communities over time [106]. In an experiment, it was
observed that obligate cross-feeding increased the size of metabolic niches in

communities which could enable the survival of more species [107]. Additional, the
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diversity is connected to the stability as an increase in diverse networks lead to more
stable communities [108]. Indeed, it was observed that, cooperation positively
impacted stability in microbial communities when enough nutrients for auxotrophs were
provided in the microbial network [109].

Auxotrophic bacteria play a crucial role in shaping microbial ecology by driving cross-
feeding interactions, which positively affect community diversity and stability. However,
the influence of auxotrophic bacteria on human gut ecology, and the specific role of
cross-feeding within this context, remains largely unexplored. Further studies are
needed to determine how auxotrophies and cross-feeding interactions contribute to the

dynamics, diversity, and stability of the human gut microbiome.

3 Methodical approaches for the prediction of auxotrophies
Auxotrophies are experimentally verified through bacterial cultivation but can also be
predicted using in silico methods. Since cultivating bacteria from the human gut
microbiome is challenging, in silico predictions offer an alternative methodological
approach. Experimental and in silico methods for auxotrophy determination will be
described in the following section.

In vitro, auxotrophies are predicted by comparing the bacterial growth with and without
the amino acids. If the bacteria cannot grow without the amino acid, then they are
considered auxotrophic for the amino acid, otherwise they are prototrophic [20]. For
example, tryptophan auxotrophy is predicted if no bacterial growth is observed without
tryptophan being in the growth medium. Only a few experiments have been conducted
to predict auxotrophies in vitro in human gut bacteria, largely due to challenges in
cultivating these organisms [110]. More generally, predicting auxotrophies and
designing appropriate growth media remains difficult. However, alternative approaches
using in silico methods have emerged. Due to the rise in next-generation sequencing,
it is possible to predict bacterial metabolism based on genome analysis. Based on
genome analysis, metabolic models can be reconstructed using automatic
reconstruction software like gapseq [111] and CarveMe [112]. There is also a collection
of genome-scale metabolic models reconstructed of >7000 gut microorganisms called
AGORAZ2 [113]. With reconstructed genome-scale metabolic models, auxotrophies
can be predicted with metabolic modeling. Next to metabolic modeling is genome
annotation, another method used for auxotrophies prediction and is used by GapMind

[114]. Auxotrophies are predicted by identifying gaps in the biosynthesis pathways of
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amino acids [114]. However, several experiments showed that results of in vitro and
silico auxotrophy predictions are distinct [72], [115], [116]. Therefore, validation of in
silico auxotrophy prediction method is rather crucial to confirm predicted auxotrophies.
In this thesis, auxotrophies are predicted by genome-scale metabolic modeling. The
following subchapter will present the methodological background of metabolic
modeling and other in silico methods for auxotrophy predictions. Further, the in vitro
approach for auxotrophy verification will be explained, along with how in silico methods

might help cultivate more bacteria.

3.1 In silico prediction of auxotrophies

In silico, auxotrophies can be predicted by genome annotation and genome-scale
metabolic modeling. This section will focus first on genome annotation by describing
the methodological approach of GapMind. Following this, genome-scale metabolic
modeling will be explained, covering both the reconstruction of genome-scale
metabolic models by gapseq [111] and the methodology of metabolic modeling.

Genome annotation relies on the presence/absence of genes in the query genome.
GapMind predicts the confidence of genes in amino acid biosynthesis pathways [114].
Genes for amino acid biosynthesis pathways are found by searching for similarities
with proteins from databases. The databases Swiss-Prot, Tiger-TIGRFam, and Pfam
are used. However, some proteins were curated by the authors of GapMind based on
published publications [114]. Three confidence levels are stated based on the identity
thresholds and the query genome's coverage. To validate GapMind, the authors tested
35 bacteria grown in minimal media. GapMind does not state whether amino acid
biosynthesis pathways are present or absent in the genome of interest but states
confidence levels [114]. However, in a recent publication, that predicted auxotrophies
with GapMind, auxotrophies were stated when 40 % of the reactions were missing [68].
The other in silico method for auxotrophy prediction is genome-scale metabolic
modeling. Genome-scale metabolic modeling belongs to the constraint-based
reconstruction and analysis (COBRA) framework [117]. The idea behind constrained-
based metabolic modeling is to predict the growth of an organism with defined
constraints and acquire knowledge about consumed and produced metabolites (Box
3). The reconstruction process of a genome-scale metabolic model starts with the
genome sequence. This process will be explained using the reconstruction process of

gapseq as an example since metabolic models in this thesis are reconstructed with
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gapseq (Box 3). First pathways and transporters are predicted, and based on this
information, a draft metabolic network is constructed [117]. Gaps in the draft network
are filled to ensure the functionality of the model. Gaps are missing reactions in a
metabolic network, which can prevent the model from growing. They exist because
genome annotations are incomplete and lack the function of enzymes, which leads to
incomplete metabolic networks [118]. Gapfilling is considered to add missing reactions
to the model to enable the growth of the reconstructed model. However, the media
used in the gapfilling process must be chosen carefully to avoid false implementation
of reactions [119]. After the gap filling, the final model is reconstructed and can be used
for metabolic modeling with flux-balance analysis. Flux-balance analysis calculates the
flow of nutrients in the network and helps to predict a phenotype [120]. Mathematically,
it is represented as a set of linear equations that are solved by defining an objective
function (e.g., biomass formation). Seif et al. developed an algorithm named AuxoFind
that uses flux-balance analysis based on the prediction of conditionally essential genes
[82]. Further, reconstructed models from CarveMe can be used for auxotrophies
prediction with metabolic modeling [121], [122]. In this thesis, flux-balance analysis is
used on reconstructed models by gapseq to predict auxotrophies. The model's growth
is compared with and without the amino acid using flux balance analysis with the
objective function of biomass formation [120]. If the model cannot form biomass without
the amino acid, it is auxotrophic. For each amino acid, the process is repeated to
predict the auxotrophies for all twenty proteinogenic amino acids.

Box 3: Genome-scale metabolic modeling

Genome-scale metabolic models are reconstructed based on the genome sequence. They can

be manually or automatically reconstructed. Since genome-scale metabolic models are

reconstructed with gapseq in this thesis, the automatic model reconstruction process of gapseq

will be explained. The model reconstruction process of gapseq consists of three steps [111]:

1) The genome sequence is analyzed for the presence of pathways and transporters. Blast
searches for sequence evidence using the genome sequence as the query and the
genome as the database. Metabolic pathways are present if 80% of the reactions are
found.

2) A draft model is reconstructed based on the metabolic pathways and transporters found
in step 1.

3) To ensure the model's reliability, gaps are filled, and the medium for the gap filling is

predicted based on previously gained information about the absence/presence of

pathways/transporters.
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The final model is ready for genome-scale metabolic modeling with flux-balance analysis [120].
The metabolic network is converted into a stoichiometric matrix S with columns as the reactions
and rows as the metabolites. Flux balance analysis belongs to constraint-based modeling. The
constraints are defined by a steady state and upper/lower bound. The steady state means that
there is always an equilibrium for every compound being consumed and produced. Linear
equations define mass balance equations in a steady state (S * v = 0). The actual flux v through
the metabolic networks lies between an upper and lower bound (a; < v; < b;). The flux distribution
in the metabolic network is defined by an objective function z (e.g., biomass formation z =
biomass). Linear programming finds the optimal solution by calculating the fluxes that maximize

the growth in the solution space defined by the constraints [120].

3.2 In vitro prediction of auxotrophies

Auxotrophies are experimentally verified by cultivating bacteria in vitro. Still, designing
growth media for auxotrophy prediction remains challenging. In standard growth
media, single components like amino acids and vitamins are not included but complex
components. The presence of individual components like amino acids is, however,
necessary for the prediction of auxotrophies as the growth of the bacterium is
questioned with and without the amino acid. Complex components (e.g. yeast extract,
peptone) lack information about the specific growth requirement of amino acids
because their composition is not defined. Yeast extract, a complex compound often
found in standard media, combines carbohydrates, amino acids, vitamins, trace
elements, and oligomeric compounds [123]. Therefore, chemically defined media
(CMD) are preferred as they contain no chemically undefined compound mixtures but
only the minimal nutrients needed for the growth of the organism. In CMD, the
proportions of the used pure chemicals are known, and no other undefined nutrients
are included. The amino acids are as individual components included in the growth
medium. The composition of CMDs can be indicated by the microbe's composition, or
the complex medium can be used as a template [124]. In a study with in vitro
investigation of amino acid auxotrophies, yeast extract was exchanged for single
amino acids [72]. A method to obtain the growth medium, is for example to add and
remove components from the CMD [125]. CMDs are already defined for several lactic
acid bacteria that harbor several amino acid auxotrophies [126], [127].

Another strategy for designing growth media for in vitro verification of auxotrophies in
bacteria is genome-scale metabolic modeling [117]. Under the condition that the

genome is available, the nutritional requirements of the bacteria can be uncovered by
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reconstructing a genome-scale metabolic model. With metabolic modeling, the
essential nutrients for the growth of the bacterium can be defined. For example, a
genome-scale metabolic model was reconstructed from Campylobacter jejuni M1cam
to determine the growth medium for in vitro prediction of auxotrophies [128].

Conclusively, since in vitro verification of bacterial auxotrophies remains challenging,
validating in silico predicted auxotrophies against experimentally verified ones could

help demonstrate the reliability of auxotrophies predicted with in silico methods.

4  Objectives

Amino acid auxotrophies are found in bacteria inhabiting different environments. They
influence the ecology of microbial communities. However, their distribution in the
human gut microbiome and their effect on the gut ecology is not known. In this thesis,
the main approach is to characterize amino acid auxotrophies in human gut bacteria
and their influence on the ecology of the human gut microbiome.

In detail, the following questions are addressed in the thesis: (I) What amino acid
auxotrophies can be found in the human gut microbiome? Are the abundances of
amino acid auxotrophies different in small and large intestinal microbiomes? (II) How
do the abundances of auxotrophies change in a dysbiosis state of the small intestinal
microbiome? (lll) What are the amino acid sources for auxotrophies in human gut
bacteria? Is the dietary intake of amino acids the main nutrient source for auxotrophic
gut bacteria? (IV) How do auxotrophic gut bacteria influence the stability and diversity
of the human gut microbiome? (V) Are there associations between peptidases and
amino acid auxotrophies in the human gut microbiome? (VI) How do auxotrophic gut
bacteria influence the human blood metabolome? (VIl) How accurate are amino acid
auxotrophies predicted with genome-scale metabolic modeling? (VIII) What other in
silico method exists for predicting auxotrophies? What differences are there in
predictions compared to genome-scale metabolic modelling?

Issues are addressed by a combination of genome-scale metabolic modeling,
genome-mining, and metabolomics. Auxotrophies in the human gut microbiome are
predicted with genome-scale metabolic modeling using flux-balance analysis.
Metabolic models are reconstructed from genomes of the human gut microbiome.
Sequences of peptidases are taken from the MEROPS database. They are mapped
on sequences of the human gut microbiome to study associations between

auxotrophies and peptidases in small and large intestinal microbiomes. Experimentally
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verified auxotrophies with available bacterial genomes were utilized for validation
purposes. Metabolic models are reconstructed of genomes from experimentally
verified auxotrophic bacterial strains.

First, results are presented and individually discussed in the manuscripts but later
combined and argued in the general discussion. The distribution of amino acid
auxotrophies and potential nutrient sources for auxotrophic bacteria inhabiting different
gastrointestinal regions are reasoned. The effects behind the influence of auxotrophic
gut bacteria on gut ecology are discussed. Further, the biological functions of
auxotrophic gut bacteria and their potential impact on human health are argued.
Genome-scale metabolic modeling as an auxotrophy prediction method is critically
evaluated.
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1 Abstract

Amino acid auxotrophies are prevalent among bacteria. They can govern ecological
dynamics in microbial communities and indicate metabolic cross-feeding interactions
among coexisting genotypes. Despite the ecological importance of auxotrophies, their
distribution and impact on the diversity and function of the human gut microbiome
remain poorly understood. This study performed the first systematic analysis of the
distribution of amino acid auxotrophies in the human gut microbiome using a combined
metabolomic, metagenomic, and metabolic modeling approach. Results showed that
amino acid auxotrophies are ubiquitous in the colon microbiome, with tryptophan
auxotrophy being the most common. Auxotrophy abundances were higher for those
amino acids that are also essential to the human host. Moreover, a higher overall
abundance of auxotrophies was associated with greater microbiome diversity and
stability, and the distribution of auxotrophs was found to be related to the human host's
metabolome, including trimethylamine oxide, small aromatic acids, and secondary bile
acids. Thus, our results suggest that amino acid auxotrophies are important factors

contributing to microbiome ecology and host-microbiome metabolic interactions.

2 Background

The metabolic processes performed by the human gut microbiota have a crucial impact
on human metabolism and health [14], [17], [67]. For instance, various human gut
bacteria produce the short-chain fatty acid butyrate. Butyrate is a primary energy
source for human colonocytes [14] and intersects with host immunological processes
by mediating anti-inflammatory effects [129], [130]. Another notable metabolic
interaction between the human host and its gastrointestinal microbiota is the microbial
transformation of aromatic amino acids into various metabolites. Recent studies
suggest that aromatic amino acid-derived metabolites such as the auxins indole-3-
propionic acid and indole-3-acetic acid can modulate the host immune system [131],
[132]. Thus, these and several further studies provide evidence that gut microbial
metabolites are essential factors in the pathophysiology of inflammatory diseases and
the efficacy of immunomodulatory therapies [43], [132], [133], [134].

The repertoire of molecules synthesized and eventually released by individual gut
microbes comprises metabolic by-products that serve the dual purpose of energy

metabolism and facilitating the biosynthesis of essential metabolites necessary for
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cellular maintenance and proliferation. However, often not all metabolites required for
growth and survival (i.e., nucleotides, vitamins, amino acids) can be de-novo
synthesized by gut-dwelling microorganisms, rendering those organisms dependent
(termed auxotrophic) on the uptake of the focal metabolite from the microbial cell’s
nutritional environment. Several in silico studies have applied genome-mining
approaches, suggesting that most analyzed gut bacteria lack biosynthetic pathways
for producing at least one proteinogenic amino acid [70], [137] or a growth-essential
vitamin [72], [136]. In addition, in vitro growth experiments have confirmed specific

amino acid and vitamin auxotrophies in common human gut bacteria [72], [94], [137].

The prevalence of auxotrophs in the human gut microbiome raises the question of the
source of the required metabolites in the gastrointestinal growth environment. There
are three potential sources of essential nutrients for microbial growth: (i) Required
metabolites could be diet-derived. However, amino acids and vitamins are usually
efficiently absorbed by the human host in the small intestine [138], limiting the
accessibility of diet-derived essential nutrients for the majority of the gut microbial
community, which resides in the colonic region [139]. (ii) Metabolites required by
auxotrophic microorganisms in the gastrointestinal tract may be host-derived, e.g.,
from proteins and peptides secreted by the gut epithelium into the gut lumen or from
apical proteins of the host epithelial cell layer accessible to gut microorganisms [94].
(iif) Auxotrophic members of the gut microbial community might obtain essential
nutrients via cross-feeding interactions with prototrophic organisms within their

microbial community [140], [141].

While the exchange of electron donor metabolites (e.g., acetate- or lactate cross-
feeding) between different microorganisms is well-documented for the human gut
microbiome [142], [143], [144], the extent of cross-feeding interactions via the
exchange of essential nutrients such as amino acids and vitamins remains still
unknown. However, in vitro experiments of synthetic microbial communities suggest
that co-cultured microorganisms, which are auxotrophic for different compounds, can
support each other’s growth by exchanging the focal metabolites [145]. Furthermore,
theoretical ecological models suggest that cross-feeding interactions between
auxotrophic organisms within complex communities can increase community diversity

through metabolic niche expansion [107] and community robustness to ecological
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perturbance [109], such as changes in the composition of the chemical environment.
Thus, cross-feeding of amino acids and vitamins between different members of the
human gut microbiota could be crucial determinants of microbiome dynamics,

resilience, and the contribution of gut microbes to human metabolism and health.

In this study, we applied genome-scale metabolic modeling to predict the distribution
and diversity of amino acid auxotrophies in the human gut microbiome. The predictions
were combined with stool metagenomic sequencing and targeted serum metabolomics
from observational human cohort studies to estimate auxotrophy frequencies and their
impact on the human metabolome. We found that amino acids that are essential to the
human host are also the most common auxotrophies in the human gut microbiome.
Intriguingly, a higher frequency of auxotrophies was associated with long-term stability
of the microbiome community composition. Furthermore, a higher number of
auxotrophies among gut bacteria was associated with higher diversity of the gut
bacteria and increased levels of aromatic compounds of putative microbial origin in the

human serum metabolome.

3 Results

Prediction and validation of auxotrophies with genome-scale metabolic
modeling

To estimate the overall distribution of amino acid auxotrophies in the human gut
microbiome, we predicted the amino acid production capacities using genome-
metabolic modeling for all bacterial genomes (n=5 414) from the ‘Human Reference
Gut Microbiome (HRGM)' collection [146]. Auxotrophies were predicted for the 20
proteinogenic amino acids by comparing the model's growth with and without the
amino acid using flux-balance analysis. If the model was not able to grow without the
amino acid, then an auxotrophy was predicted (Fig. 5). To exclude an overprediction
of auxotrophies due to genome incompleteness, we correlated the genome
completeness and the number of auxotrophies predicted. Results showed a negative
relationship between genome completeness and the number of auxotrophies per
genome (Supplementary Fig. S1, p=-0.50, p<2.2e-16). To combat this, the genomes
were filtered for completeness 285% and contamination <2%. Only the filtered

metabolic models (n=3 687) were used to predict auxotrophies and ongoing analysis.
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All auxotrophies predicted for HRGM models are in the supplementary material

(Supplementary Table S1).
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Figure 5: Workflow for the prediction of auxotrophies with genome-scale metabolic
modelling

Gapseq was used to reconstruct genome-scale metabolic models from genomes of the Human
Reference Gut Microbiome (HRGM) catalog[146]. The workflow of gapseqg to reconstruct
metabolic models consists of five steps: transporter/metabolic pathway prediction, draft
metabolic network construction, growth medium prediction, gap filling, final model
reconstruction. Auxotrophy prediction was performed using flux-balance analysis and
validated by reconstructing gapseq models from experimentally verified auxotrophic strains.
The predicted auxotrophies were compared on strain level from gapseq and AGORA2 models
to experimentally verified auxotrophies. QC reads of cohorts were mapped on HRGM.
Auxotrophy frequencies in cohorts were determined by mapping QC reads from the
metagenomes of the cohorts to genomes from HRGM collection. Icons are from
www.flaticon.com (creators: photo3idea_studio, Freepik, surang, Eucalyp, Voysla, juicy_fish,

smashingstocks, SBTS2018, creative_designer).

To validate our gapseq-based auxotrophy predictions, we compared the predictions
on strain level with in vitro experimentally verified auxotrophies as reported in previous
studies for a total of 36 gut bacteria (Supplementary Table S2), of which most were
already summarized in a recent study [79]. If a genome assembly of the experimentally
tested strain was available on NCBI RefSeq, we reconstructed the genome-scale
metabolic model and predicted the auxotrophies. In addition to auxotrophy predictions
using our gapseq model collection (Supplementary Table S1), we also tested models
from the AGORAZ2 collection (Supplementary Table S3). Auxotrophy predictions using
gapseq models had a sensitivity of 75.5%, a specificity of 95.9%, and an accuracy of

93%. The auxotrophies predicted by the AGORA2 models showed a lower degree of
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agreement with the experimental data: sensitivity (43.4%), specificity (92.3%), and
accuracy (81.7%). In addition, we reconstructed genome-scale metabolic models for
124 bacterial genotypes known to be prototrophic for all 20 proteinogenic amino acids
[147] to further validate our auxotrophy predictions (Supplementary Table S4). We note
that the 124 prototrophic genotypes are isolates from diverse isolation sources and not
from the human gut. However, the resource can be used to estimate the rate of false
auxotrophy predictions [147]. In total, 99.1% of all predictions coincided with the known
amino acid prototrophies of the organisms, thus suggesting a false auxotrophy
prediction rate of less than 1%. In general, the frequency of auxotrophy predictions
among genomes from human gut bacteria is generally higher compared to the
collection of 124 prototrophic genomes (Supplementary Fig. S2), indicating that the
high frequency of auxotrophies cannot be explained by a false-positive rate associated

with potential pitfalls in the model reconstruction workflow.

Amino acid auxotrophies are common in the human gut microbiome

Auxotrophies for tryptophan were predicted to be the most prevalent, at 63.9% of the
genomes in the HRGM catalog (Fig. 6). Isoleucine, leucine, and valine (BCAA,
branched-chain amino acids) auxotrophies were also estimated to be common (40.1%,
40%, 41.1%, respectively). No auxotrophies were predicted for alanine, aspartate, and
glutamate. We further analyzed the observed auxotrophies at the taxonomy level by
comparing the proportion and number of auxotrophies on phylum and order level
(Supplementary Fig. S3). Actinobacteriota were predicted to have a higher proportion
of BCAA auxotrophies compared to prototrophies (Supplementary Fig. S3). For
tryptophan, a higher proportion of auxotrophic to prototrophic bacteria was estimated
in Firmicutes, Actinobacteriota, and Fusobacteriota. Based on our computational
analysis, Fusobacteriota had a higher auxotrophic to prototrophic ratio for almost all
amino acids, whereas the opposite was predicted for Proteobacteria. This observation
is further supported by the number of auxotrophies predicted per genome for
Proteobacteria and Fusobacteriota (Supplementary Fig. S4). Additionally, the results
suggest that auxotrophic genotypes have lost the genes for most of the enzymes
required for the biosynthesis of the corresponding amino acid (Supplementary Fig. S5).
Taken together, the results indicate that amino acid auxotrophies are prevalent in the

human gut microbiome.
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Figure 6: Abundances of auxotrophies in 3 687 genomes
The predicted amino acid auxotrophies in HRGM genomes were categorized into human

essential and non-essential amino acids.

Amino acid auxotrophies are associated with the profile of fermentation products
Amino acid biosynthesis pathways and pathways producing fermentation products
share common precursor metabolites (Fig. 7B). For example, pyruvate is a central
metabolite that is utilized for the biosynthesis of the BCAA as well as in some gut
bacterial species for lactate formation, underlining the interconnection of amino acids
and energy metabolism in the metabolic network.

Here, we investigated whether bacteria that are auxotrophic for specific amino acids
are commonly associated with specific profiles of fermentation products. Therefore, we
predicted the metabolic by-products of cell growth and compared those results with the

auxotrophy predictions for the corresponding organisms (Fig. 7A).
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Figure 7: Associations of auxotrophies and fermentation products.

(A) Comparison of fermentation product production rates in auxotrophic and prototrophic
bacteria. Production rates of fermentation by-products were predicted with flux-balance
analysis (cutoff-value > 1 mmol/gDW) in 3 687 HRGM genomes. The association with the
auxotrophic or prototrophic phenotype was statistically evaluated with the Fisher test for exact
count data by calculating odds ratios. Asterisks denote FDR-corrected p values < 0.05. (B)

Interconnection between the pathways of formation of fermentation products and amino acids,
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based on MetaCyc pathways[148]. We note that not all the displayed reactions/pathways occur
in every gut bacterial genotype. The metabolic network shown displays pathways commonly

found in human gut metagenomes and linked to amino acid biosynthetic pathways.

BCAA auxotrophic bacteria were more likely to produce lactate in comparison to
prototrophic bacteria (Fisher's exact test for count data, log(Odds Ratio (OR))=2.0-
2.8, FDR-corrected p value<0.05). Propionate production was commonly predicted for
glutamine auxotrophic gut bacteria (log2(OR)=2.4, FDR-corrected p value<0.05) and
by cysteine auxotrophs (log2(OR)=1.9, FDR-corrected p value<0.05). Succinate is
predominantly produced by asparagine auxotrophic gut bacteria (log2(OR)=2.2, FDR
corrected p value <0.05). For butyrate, there was a higher association with glutamine
auxotrophic bacteria (log2(OR)=1.6, FDR-corrected p value < 0.05).

The association of auxotrophic bacteria with the production of organic acids might be
explained by the distribution of reaction fluxes through the metabolic network. For
instance, pyruvate is a metabolic precursor for the de novo biosynthesis pathways for
BCAA but also for lactate formation (Fig. 7B). Pyruvate not used for BCAA biosynthesis
in auxotrophic genotypes might be redirected towards lactate production. Thus, our
findings suggest a plausible interplay in resource allocation between a

microorganism's energy metabolism strategy and its auxotrophy profile.

More diverse gut microbiomes are characterized by a higher auxotrophy

frequency

To estimate the frequency of auxotrophies in the gut microbiome of individual persons,
we quantified the relative abundance of gut bacterial genotypes from the HRGM
catalog using stool metagenomes of 185 healthy adults. As mentioned above, we
found a negative correlation between the number of auxotrophies and genome
completeness levels (Supplementary Fig. S1). To validate that higher genome
completeness levels do not affect the general pattern in the auxotrophy distribution of
individual microbiomes, we determined auxotrophy frequencies with different cutoff
values for completeness (80%- 95%) of the reference genomes used for quantification.
Overall, the distribution of auxotrophy frequencies remained robust to increasing
genome completeness levels (Supplementary Fig. S6). Therefore, we decided to keep

the 85% completeness level described above.
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Auxotrophies for amino acids that are essential to the human organism were more

frequent than non-essential amino acids (Fig. 8A). The highest percentage of bacteria

were auxotrophic for tryptophan, followed by isoleucine and histidine (median: 54%,

28.7%, 28%, respectively). Auxotrophies for leucine, methionine, phenylalanine,

arginine, and valine were found with a median frequency of >20% (Fig. 8A). The lowest

frequencies were detected for serine, lysine, asparagine, aspartate, alanine, and

glutamate auxotrophies.
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Figure 8: Distribution of auxotrophies in human gut microbiomes from 185 healthy

adults, their association with diversity, and serum metabolite levels.
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(A) Boxplots display the abundance of amino acid auxotrophies in the human gut microbiome
(n=185 samples). (B) Partial Spearman correlation between the frequency of auxotrophic gut
bacteria and serum levels of health markers and microbiome Shannon index. Dots indicate
significant associations (FDR-corrected p values < 0.05, adjusted for the potential confounders
age, sex, and BMI). (C) The abundance-weighted average of auxotrophies was calculated and
correlated with the Shannon index (Spearman correlation, p=0.27, p=0.00018). (D) The
average hamming distance was calculated to study the metabolic dissimilarity of auxotrophy
profiles of coexisting genotypes and, therefore, potential cross-feeding interactions within the
microbial communities. With the Spearman correlation, the association between the calculated
average hamming distance and the Shannon index in the gut was estimated (p=0.32,
p=0.00001). (E) Partial Spearman correlations between the serum levels of metabolites and
the frequency of auxotrophic bacteria in the gut microbiome. Abbreviations for the serum
metabolite levels can be found in Supplementary Table S5. Dots indicate significant

associations (FDR-corrected p values < 0.05, adjusted for confounders age, sex, and BMI).

Additionally, we were interested in the relationship between the proportion of
auxotrophic bacteria in the human gut and the overall microbiome diversity calculated
as the Shannon index (Fig. 8B-C). Overall, increasing frequencies of almost all amino
acid auxotrophies are accompanied by increasing microbiome diversity (Spearman
correlation, Fig. 8B). Further, we correlated the Shannon index with the abundance-
weighted average of the number of auxotrophies per metagenome sample, which
takes the relative abundance of each genome and its total number of amino acid
auxotrophies into account. With an increasing number of auxotrophies, an increase in
the diversity was observed (Fig. 8C, p=0.27, p=0.00018). This result may point towards
a positive influence of auxotrophic bacteria on the microbial diversity in the gut,
presumably via a higher degree of amino acid cross-feeding interactions between
genotypes that are auxotrophic for different amino acids. To test this, we calculated
the pairwise dissimilarity (Hamming distance) between the binary auxotrophy profiles
of genomes and the means of those differences per metagenome sample as an
indicator for potential cross-feeding in the respective gut microbial community. An
increasing average Hamming distance was positively associated with increased gut
diversity (Fig. 8D, p=0.32, p=0.00001). Overall, a higher number of auxotrophies in the

gut community is positively correlated with a higher diversity.

33



Associations of gut bacterial auxotrophies for amino acids with host health

markers and the serum metabolome

The involvement of microbial metabolism in host health has been examined in several
other studies [49], [149] but not yet for the frequency of gut microbial amino acid
auxotrophies. Our results showed that the summed relative abundance of bacteria that
are auxotrophic for certain amino acids are inversely associated with the stool donor’s
BMI (Fig. 8B, partial Spearman correlation). No statistically significant associations
with blood cell counts were found (Fig. 8B). Additionally, we correlated targeted
metabolomics data from serum samples with the aggregate frequencies of bacteria
auxotrophic for specific amino acids (Fig. 8E, partial Spearman correlation). Positive
correlations were found between the tryptophan-derived 3-indoleacetic acid (3-1AA) as
well as 3-indolepropionic acid (3-IPA) and tryptophan auxotrophic gut bacteria.
Additionally, several other amino acid auxotrophies showed positive correlations with
these metabolites. The total frequencies of bacteria auxotrophic for specific amino
acids showed a positive correlation with P-cresol sulfate. Further, several significant
associations were detected with metabolites from bile acid metabolism. Negative
correlations were observed for glycoursodeoxycholic acid (GUDCA), a conjugated
secondary bile acid metabolite, and several amino acid auxotrophies. Further, negative
correlations with the bile acid metabolite deoxycholic acid (DCA) were found for the
aggregate frequencies of bacteria auxotrophic for tyrosine, threonine, and cysteine.
Positive associations were also observed for hippuric acid and TMAO with several
amino acid auxotrophies. No significant associations were found for serum levels of
amino acids and amino acid-related compounds (Fig. 8E).

Taken together, the frequency of auxotrophic bacteria is related to serum levels of
several metabolites. The gut microbial contribution to serum metabolite levels was
predominantly found for metabolites previously reported to be of microbial origin (e.g.,

3-1AA) or derived from gut microbially-produced compounds (e.g., TMAO).

Analysis of longitudinal microbial composition data suggests a positive influence
of auxotrophies on gut microbiome stability

So far, our results suggest an involvement of auxotrophic bacteria on the gut microbial
diversity. Based on this observation, we further wanted to analyze whether the
frequency of auxotrophies also impacts the microbiome's long-term stability using data

from two longitudinal studies. Therefore, we re-analyzed recently published
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metagenomic data from two human cohort studies [150], [151]. Troci et al. included
two stool metagenomes from 79 healthy individuals each where stool samples were
three years apart[150]. The longitudinal study of Chen et al. involved two stool
metagenomes from 338 individuals with a time difference between samples of four
years[135]. Microbiome stability over the time periods was assessed by calculating the
UniFrac distance for the microbial composition between the two time points for each
participant. Since the UniFrac distance ranges between 0 (lowest possible
dissimilarity) and 1 (highest dissimilarity), we calculated the inverse values (1-UniFrac)
as a microbiome stability measure. The abundance-weighted average of auxotrophies
per genotype was positively correlated with microbiome stability in both cohorts (Fig.
9A, Spearman rank sum correlation test, Troci et al.: p=0.31, p=0.006, n =79; Chen et
al.: p=0.14, p=0.0094, n = 338). We also correlated individual amino acid auxotrophy
frequencies with microbiome stability to understand the impact of individual amino acid
auxotrophies on long-term stability. A statistically significant positive correlation was
found in both cohorts for many amino acid auxotrophies, while no negative correlation
was observed (Fig. 9C).

Long-term microbiome stability was also tested for a statistical association with the
average Hamming distance with samples, which represents a measure of the
dissimilarity between the auxotrophy profile of co-existing genotypes and a potential
indicator for the degree of amino acid cross-feeding in the microbial community. A
positive correlation was observed for the average Hamming distance with microbiome
stability in both cohorts (Fig. 9B, Troci et al.: p=0.33, p=0.0033, n=79; Chen et al.:
p=0.21, p=0.00014, n=338), suggesting a potential positive impact of amino acid cross-
feeding among auxotrophy genotypes on the long-term stability of microbiome
composition.

Auxotrophic bacteria have a high dependence on their nutritional environment. Here,
we wanted to test if a higher dietary intake of amino acids affects the relative
abundance of amino acid auxotrophic bacteria in the gut. Therefore, we used the
dietary intake data obtained from food frequency questionnaires from Troci et al. [150].
For both study time points, the intake of amino acids was tested for correlation with the
frequency of amino acid auxotrophies in the microbiomes. No significant correlations
between the frequency of auxotrophic bacteria and the dietary intake of amino acids

were observed (Supplementary Fig. S7).
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In sum, our findings hint at a potentially positive impact of auxotrophies on the stability
of the gut microbiome. Further, the data suggest that amino acid cross-feeding may
contribute to the compositional stability of the gut microbiome. We found no evidence

of diet's effect on auxotrophy frequencies.
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Figure 9: Influence of auxotrophies on long-term stability of the human gut microbiome
(A) The stability of the human gut microbiome was calculated as 1 minus the UniFrac distance
between the two time points in the longitudinal studies and correlated with the abundance-
weighted average of auxotrophies at the first time point to study a potential influence of
auxotrophies on the long-term stability of the human gut microbiome. (B) The average
Hamming distance was calculated for the first time point and then correlated with the 1-UniFrac
value to investigate the influence of potential cross-feeding on long-term stability. (C) The
contribution of individual amino acid auxotrophies on the stability was calculated with the
Spearman correlation between the 1-UniFrac values and individual amino acid auxotrophy

frequencies.

4  Discussion
Auxotrophies are widespread among microorganisms [69], [104]. The obligate
nutritional requirements can have far-reaching consequences for the auxotrophic
strains and the entire microbial community in the ecosystem [152]. Each auxotrophy
for a specific essential nutrient (e.g., amino acids) increases the organism'’s
dependence on the nutritional environment, coupling the organism’s survival and
proliferation to the availability of the specific compound [152]. Conversely, if the focal
metabolite is available, auxotrophic genotypes might gain a selective advantage over
prototrophic genotypes by saving metabolic costs [96]. In microbial communities,
auxotrophies can affect the interactions between microorganisms and their hosts,

where auxotrophs could act as recyclers of metabolites that other community members
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release as by-products of their metabolism [90]. In addition, organisms that are
auxotrophic for different metabolites could engage in cooperative cross-feeding
interactions [98], [153], [154]. Despite the ecological relevance of auxotrophies, their
role in the human gut microbiome is largely unknown. More specifically, previous work
showed that several human gut bacterial isolates are indeed amino acid auxotrophs
using genome analysis and a comprehensive literature review of experimentally
determined auxotrophies and prototrophies [79]. Still, the overall distribution and
variation of auxotrophies in the human gut microbiome remain elusive. Here, we
systematically analyzed the distribution of amino acid auxotrophies in the human gut
microbiome using genome-scale metabolic modeling. Moreover, we statistically
assessed the associations of inferred auxotrophy frequencies with overall microbiome

diversity, long-term stability, and microbial contribution to the human metabolome.

Ubiquity of auxotrophies indicates a high prevalence of cross-feeding

Overall, high frequencies of auxotrophies were found in the human gut microbiome.
For instance, we found that 54%(median) of organisms in the gut microbial
communities of healthy adults are auxotrophic for tryptophan. The most frequent
auxotrophies for amino acids in the human gut microbiome are also essential nutrients
for the human host (Fig. 8A). While auxotrophies in human gut bacteria were reported
before, the sources of amino acids for auxotrophic genotypes remain unknown. One
potential source of amino acids might be dietary proteins [155]. However, most diet-
derived protein is broken down in the upper gastrointestinal tract, and amino acids are
absorbed by the human host, limiting protein and amino acid passage to the colon,
where most of the gut microbiome resides [155]. While most dietary free amino acids
do not reach the colon, some dietary proteins that escape digestion in the small
intestine can provide a nutrient source for the auxotrophic colonic microbiome [21].
Our predictions are based on genomes from stool samples, which predominantly
reflect the microbiome composition in the large intestine. Therefore, we argue that the
high frequency of amino acid auxotrophies predicted for the colon microbiome in this
study is unlikely to be explained by dietary sources of amino acids alone. Plus, we did
not find any statistical associations between the dietary intake of amino acids of 79
adults and the frequency of auxotrophies in the microbiome (Supplementary Fig. S7),

which further indicates that auxotrophic genotypes acquire their amino acids from other
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sources. Another study supports our conclusion, as varying dietary concentrations of
essential nutrients did not alter the frequency of auxotrophy in the gut [73].

A second potential source of amino acids might be cross-feeding interactions between
auxotrophic and prototrophic genotypes. Cross-feeding between strains that are
auxotrophic for different amino acids has been demonstrated in synthetic [154] and
naturally occurring microbial communities [104]. Furthermore, a recent study showed
that amino acids synthesized by the colonic microbiome stay in the gut and are not
absorbed via the mucosa [21]. Cross-feeding as a potential source of amino acids for
auxotrophic bacteria requires that prototrophic bacteria in the microbial community
secrete the respective amino acids. In fact, amino acid biosynthesis and the release
into their growth environment have been reported for several gut bacterial species,
including members of the genus Bacteroides [156] and the species Bifidobacterium
longum [157]. Thus, cross-feeding enables the growth of auxotrophic organisms even
in environments where the focal nutrient is unavailable. Our results suggest a wide
diversity of auxotrophic profiles between coexisting genotypes (Fig. 8D), indicating
metabolic complementarity and amino acid cross-feeding in gut microbial
communities.

Host-derived metabolites are the third potential source of amino acids for auxotrophic
gut microbes. Yet, evidence reported in the scientific literature for gut microbial uptake
of host-derived amino acids is scarce [21], [31]. An interesting case where an
auxotrophic gut bacterium covers its demand for the focal amino acid might be
Akkermansia muciniphila. Our predictions show that this bacterium is auxotrophic for
threonine, which is in agreement with previous cultivation experiments [94]. A.
muciniphila is a known degrader of host mucins and resides in the mucus layer.
Besides glycans, mucin consists of a core protein scaffold rich in proline, threonine,
and serine [158]. Thus, the threonine auxotrophy of A. muciniphila may indicate that

this species also utilizes host-derived threonine.

Auxotrophies might promote ecological diversity and microbiome stability

A major result of our study is the positive associations between auxotrophies and
diversity of the human gut microbiome. Earlier studies that used theoretical
approaches suggested that auxotrophies can increase and maintain diversity in
microbial communities by creating niches for different organisms to occupy through

metabolite cross-feeding [90], [107]. Thus, we conclude that in communities with more
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auxotrophic members, more cross-feeding may take place, which could promote
diversity. Our results support this theory since we observed a positive association
between microbiome diversity and auxotrophic profile differences among coexisting
genotypes.

Microbe-microbe interactions via metabolite exchanges may also promote microbiome
stability [57]. Here, we tested if having more auxotrophies as an indicator for metabolite
cross-feeding in the gut microbiome is linked to greater stability in healthy adults over
three to four years. Indeed, our findings from two independent cohorts indicate that
microbiomes with a higher average frequency of auxotrophies at the beginning of the
study period remained more stable throughout the duration of the studies (Fig. 9). The
association of auxotrophies with microbiome stability was even more pronounced
when considering the dissimilarity of auxotrophy profiles of coexisting genotypes as a
proxy for amino acid cross-feeding. This result is in line with a recent theoretical study,
which demonstrates that cross-feeding between auxotrophs can facilitate that the
community structure returns to equilibrium after ecological perturbance [109].
Moreover, it was previously reported that B-vitamin auxotrophies in the human
microbiome are prevalent and suggest that cross-feeding B-vitamins between
prototrophic and auxotrophic genotypes contributes to gut bacterial population
dynamics [73]. The authors also base their conclusion on experimental results, where
gnotobiotic mice were colonized by a human fecal microbial community. In these
experiments, varying dietary B vitamin intake in mice did not result in appreciable
changes in gut microbial community structure, including the proportion of B vitamin-
auxotrophic subpopulations, which further suggests cross-feeding as a source of
essential nutrients for auxotrophic bacteria in the gut environment and supports our
hypothesis that higher auxotrophy frequencies contribute to microbiome stability (Fig
9AB).

Since a reduction in gut microbiome diversity has been reported for several chronic
diseases [61], [159], [160], our results and the methodology to predict auxotrophy
frequencies may guide the development of novel personalized treatment strategies by
targeting ecological interactions between coexisting gut microorganisms. For instance,
oral administration of microencapsulated amino acids with delayed content release
could be used to specifically promote the growth of beneficial subpopulations of the
large intestine microbial community, which are auxotrophic for the focal compound
[161].
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There is an ongoing debate about how different types of cell interactions (i.e.,
cooperation and competition) contribute to the stability of multi-species communities
[109], [141], [162], [163], [164]. We want to emphasize that we do not claim that
cooperative interactions are stronger than competitive interactions in stabilizing
microbiomes, also because we focused in this study on one type of interaction (amino
acid cross-feeding) and not on the prevalence of other kinds of interactions or the
exchange of other metabolites. Instead, we argue that our results provide evidence
that auxotrophies and potential amino acid cross-feeding contribute to maintaining

microbiome composition.

Auxotrophy associations with the human metabolome

Pathways of amino acid biosynthesis and fermentation by-product biosynthesis share
common precursors. Therefore, the loss of biosynthetic genes for amino acids might
affect the flux distribution in the metabolic network [96]. Fermentation by-products such
as the organic acids butyrate, acetate, and propionate have implications for human
physiology (1). Hence, we wanted to investigate whether specific amino acid
auxotrophies are associated with the profile of fermentation products released by gut
bacteria. Comparison of the fermentation by-product profile of auxotrophic and
prototrophic bacteria revealed statistically significant associations (Fig. 7A), which may
be due to the structure of the metabolic network. For example, BCAA auxotrophic
bacteria are more likely to be lactate producers, which might be attributed to the fact
that the common precursor of BCAA synthesis and lactate synthesis, pyruvate, is no
longer used for BCAA synthesis in BCAA auxotrophic bacteria but can be used for
lactate formation. The altered fermentation profile in auxotrophic bacteria may,
therefore, indicate the importance of the nutritional requirements of gut bacteria for the
microbiome’s contribution to the human metabolome.

Indeed, when we tested for associations of the relative abundance of amino acid
auxotrophs with compounds of the human metabolome, we found several significant
correlations (Fig. 8E). In particular, the frequencies of several auxotrophies were
correlated with phenylic and indolic metabolites, namely hippuric acid, p-cresol sulfate,
3-indole acetic acid (IAA), and 3-indole propionic acid (IPA). These compounds were
previously reported to be of microbial origin or are derived from gut microbially-
produced metabolites [33]. For instance, hippuric acid and p-cresol sulfate levels were

reported to strongly correlate with the microbiome alpha diversity in a large human

40



cohort study [165]. P-cresol is known to be produced by gut bacteria that metabolize
tyrosine [166], and we found an association with tyrosine auxotrophic gut bacteria.
Moreover, the tryptophan-derived IAA is a known agonist of the epithelial human aryl
hydrocarbon receptor, an important regulator of intestinal immunity [167]. In summary,
our results suggest that the contribution of phenylic and indolic compounds to the
human metabolome is linked to metabolic processes performed by amino acid

auxotrophic gut bacteria.

Limitations

The method of our study is subject to certain limitations. In our study, auxotrophies
were predicted with reconstructed genome-scale metabolic models. Discrepancies
between metabolic modelling-based predictions and results from vitro assessments
have been reported and discussed previously [72, S.], [114], [147]. Thus, it is crucial
to validate in silico prediction with in vitro results of auxotrophies. Here, we compared
our in silico results with in vitro results for 36 gut bacterial strains and found a sensitivity
of 75% for auxotrophy predictions with gapseq- reconstructed genome-scale metabolic
models. In addition, we performed auxotrophy prediction for 124 genomes from
bacterial strains that are not human gut bacteria but known from cultivation
experiments to be prototrophic for all 20 proteinogenic amino acids. This test showed
that 99.1% of our prototrophy predictions are in line with the experimental data,
suggesting that the high prevalence of predicted auxotrophies among the human gut

bacterial genomes is not due to a potential technical bias in the in silico approach.

5 Conclusion
Our study demonstrates the prevalence and potential impact of auxotrophs in the
human gut microbiome. Auxotrophies are common in the human gut microbiome, and
interestingly, amino acids essential to the human host are also commonly essential for
large fractions of the gut microbiome. Furthermore, human gut microbiomes with high
frequencies of auxotrophies were characterized by higher alpha diversity and were
more stable over time. Since gut microbial communities commonly display reduced
diversity during chronic diseases, auxotrophy frequencies in the human gut
microbiome could indicate a healthy gut microbiome. In addition, our results suggest

that metabolite cross-feeding networks in gut bacterial communities may be an
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important factor for stability and maintaining diversity. From a more technical point of
view, previous studies have suggested a cautious interpretation of in silico-predicted
auxotrophies. Therefore, we validated our in silico results with experimentally
determined auxotrophies reported in scientific literature. This validation indicated the
high predictive performance of our method, which used automatic genome-scale
metabolic network reconstruction without the need for manual curation of individual
genotypes. Thus, the approach can also be applied to microbial communities other

than the human gut microbiome.

6 Material and Methods

Reconstruction of genome-scale metabolic models

Genome-scale metabolic models were reconstructed for bacterial genomes from the
Human Reference Gut Microbiome (HRGM) genome collection [146], [168]. The
HRGM collection combines isolate and metagenome-assembled genomes (MAGs)
from several data sources to summarize genome sequences obtained from human
fecal samples. Metabolic models were reconstructed using gapseq version 1.2 [111].
gapseq is a command-line tool for automated reconstructions of genome-scale
metabolic networks, that utilizes pathway, reaction, and metabolite entries from the
databases MetaCyc [148] and ModelSEED [125]. A detailed description of the
genome-scale metabolic model reconstruction workflow can be found in the

Supplementary Information and Supplementary Table S6.

Prediction of amino acid auxotrophies

Amino acid auxotrophies were predicted with flux balance analysis [120], where the
objective function was set to the flux through the biomass formation reaction. In detail,
each model was tested for its ability to form biomass under two different environmental
conditions: First, with the growth medium predicted with gapseq (see Supplementary
Information), and second, with the same medium but where the amino acid of interest
was removed. An organism was defined as auxotrophic for a specific amino acid if the
organism was able to form biomass in the original medium but not in the medium
without the amino acid of interest. Flux balance analysis was performed in R (v4.1.2),
the R package sybil v2.2.0 [170], and IBM ILOG CPLEX optimizer as linear

programming solver. We validated our auxotrophy predictions for 150 organisms (36
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from the human gut, 124 known prototrophs from different environments), for which
experimental data for amino acid auxotrophies and prototrophies were available in
scientific literature (see Supplementary Information for details).

When assessing the distribution of amino acid auxotrophies in sampled individual
microbiomes, it is important to consider the relative abundance of different genotypes.
To this end, we combined the estimated relative abundances of reference genomes
(see ‘Metagenome data processing’) and predicted auxotrophies in the corresponding

genomes to calculate the relative auxotrophy abundance y; , of amino acid k in sample

Vik = Z Pi,jbi,k

ieM

j using the equation:

Where M is the set of all reference genomes, p;; the relative abundance of genome i
in sample j, and b; , the auxotrophy prediction with “1” if genotype i is auxotrophic for

amino acid k and “0” otherwise.

Prediction of metabolic by-products

For comparison of auxotrophic to prototrophic bacteria, the production rates of
fermentation by-product formation were predicted. We undertook this analysis based
on the demonstrated accuracy of gapseq in predicting fermentation products of
anaerobically cultured gut bacteria [111]. Given the potential correlation between
auxotrophies and the generation of metabolic by-products, investigating auxotrophy
distributions could offer new insights into gut microbial metabolism and ecology.
Metabolic by-products were predicted with flux-balance-analysis [120] using the flux
through the biomass reaction as objective function (i.e., maximization) and
subsequently analyzing the fluxes through exchange reactions. Metabolite production
rates (mmol*gDW "*hr'") were normalized by growth rates (hr"), resulting in the unit
mmol/gDW. Production rates > 1 mmol/gDW were considered as microbial production.
The production of the two enantiomers, D- and L-lactate, were combined since their

production rates were interchangeable in the FBA solution.

Cohorts
Data from three human population cohorts were analyzed for the present study. The
first cohort comprised paired stool metagenomes and serum metabolomes from 185

participants (Table 1). This cohort was recruited at the University Hospital Schleswig
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Holstein, Campus Kiel 2016, and included detailed phenotypic and health-related data.
The study was approved by the local ethics committee in Kiel (D441). None of the
participants had received antibiotics or other medication two months before inclusion.
The second cohort (Troci et al., 2022) comprised longitudinal stool metagenomes from
79 study participants. Data from this cohort were already part of a previous study [150],
which were reanalyzed in the present study. For each participant from this cohort, two
metagenomes were sequenced from stool samples that were three years apart. In
addition, for each sampling time point, data from food frequency questionnaires were
available. In brief, the questionnaire, originally designed and validated for use in the
German EPIC study [171], comprised 112 food items and aimed to collect the intake
frequency and amount of various types of foods. The average energy intake and other
nutrients per day were calculated with data from the German Food Code and Nutrient
Data Base (BLS version 1.3 (66)). Further information about the sampling method,
study design, and sequencing method of this cohort study can be found in the original
publication [150].

The third cohort integrates fecal metagenomes from the 2021 publication by Chen et
al., involving 338 Dutch study participants [151]. Like the second cohort, the Chen et
al. cohort is designed longitudinally, incorporating two fecal metagenomic samples per

participant over a four-year interval.

Table 1: Cohort characteristics

Age and BMI are given as the median and interquartile range.

Cohort Age (years) BMI Female (%) Study
participants
This study 47 [40-52] 245 [22.2-26.4] 44.9 185
Troci et al., 2022 53 [45.75- 25.7 [23.5 - 37.5* 79
57.25]* 27.5]*
Chenetal,2021  47.5 [40-56] -~ 55.6 338

* Missing values/information: 7.
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Metagenome sequencing

DNA of stool samples was extracted using the QIAamp DNA fast stool mini kit
automated on the QlAcube (Qiagen, Hilden, Germany) with a prior bead-beating step
as described earlier [172]. DNA extracts were used for metagenomic library
preparation as described previously [150] using lllumina Nextera DNA Library
Preparation Kit (lllumina, San Diego, CA) and sequenced with 2x150 bp paired-end

reads on a NovaSeq platform (lllumina).

Metagenome data processing

Metagenomic reads were quality filtered using the ‘qc’ workflow from the metagenome-
atlas pipeline tool v2.9.0 [173] with default parametrization if not stated otherwise in
the Supplementary Information. Quality-controlled (QC) reads were used to estimate
the relative abundance of genomes from the HRGM catalog [146] using coverM v0.6.1
[174]. Across all three analyzed metagenome data sets, a median of 76% QC reads

mapped to HRGM reference genomes (Supplementary Fig. S8).

Targeted metabolomics of blood samples

Metabolite quantification for serum was performed by liquid chromatography tandem
mass spectrometry (LC-MS-MS) using the MxP Quant 500 kit (Biocrates Life Sciences
AG, Innsbruck, Austria) according to the manufacturer's instructions. Please refer to
the Supplementary Information document for blood sample preparation and metabolite

quantification details.

Statistical data analysis

All data analysis steps and statistical tests were performed using R (v4.1.2). Flow
charts (Fig. 1. and 3A) were created and rendered using Flowchart Designer 3. p
values were corrected for multiple testing using the Benjamini and Hochberg method
[175]. In all statistical tests, an adjusted p value of <0.05 was considered as
significance threshold. UniFrac distances[176] were calculated using relative
abundances of genomes using the R-package abdiv, v0.2.0 [177].

Alpha diversity was calculated using the Shannon index as implemented in the R-
package ‘vegan’ v2.6-2 [178]. The average pairwise Hamming distance between
auxotrophic profiles of co-occurring genomes was calculated per sample to study the

effect of metabolic dissimilarity on diversity. In other words, the Hamming distance is
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the number of amino acids for which the two genotypes had different auxotrophy
predictions. In addition to the Hamming distance, we also calculated the abundance-

weighted average of auxotrophies per genome y; for each sample j using the

Yi = Z a;pij

ieM

equation:

Where M is the set of all genomes, a; the number of auxotrophies in genome i, and
p;j the relative abundance of genome i in sample j.

For the longitudinal cohorts, the UniFrac distance was correlated with the abundance-
weighted average of auxotrophies per genome at the first time point using the
Spearman correlation. Further, the Spearman correlation was used to determine the
association between the UniFrac distance and the Hamming distance. With food
frequency questionnaires, the total dietary intake of amino acids per day was summed
up for every individual, and the energy percentage was then calculated based on the
total energy intake per day. The Spearman correlation was used to study an
association between the total dietary intake of amino acids relative to the total
consumed energy (E%) and the frequency of amino acid auxotrophic bacteria. The
correlation between the intake of amino acids and frequencies of amino acid

auxotrophic bacteria was studied separately for both time points.

Data availability

The reconstructed genome-scale metabolic models from the HRGM catalog are
available via Zenodo [179]. Further, metabolic model reconstructions for 124
prototrophic genotypes and 36 gut bacterial genotypes with amino acid
auxotrophy/prototrophy status known from laboratory experiments are available via
Zenodo [180], [181]. Metagenome sequencing data are provided via the European
Nucleotide Archive ‘ENA’ for our study cohort and the cohort from Troci et al. (this
study accession: PRJEB60573, Troci et al.: PRIEB48605). Metagenome sequencing
data from Chen et al. 2021 [151] are available upon request via the European Genome-
Phenome Archive (accession: EGAD00001006959).

Code availability

The code for analysis of the data can be found in the GitHub repositories

https://github.com/SvBusche/Auxo_manuscript_2023 (main results) and
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https://github.com/Waschina/AGORAZ2_auxotrophies (for auxotrophy predictions from
AGORAZ2 metabolic models).
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1 Abstract

Small Intestinal Bacterial Overgrowth (SIBO) is linked to various gut diseases and has
been associated with altered serum amino acid levels, potentially influencing mood
disorders. However, the direct role of the gut microbiome in these changes remains
unconfirmed. In this study, we predict amino acid auxotrophy and peptidase gene
profiles in the small intestinal microbiomes of SIBO and non-SIBO subjects. Further
auxotrophy and peptidase gene profiles were analyzed in the large intestinal
microbiome in non-dysbiotic states to compare the resemblance of the microbial SIBO
profile.

Our results revealed that auxotrophy abundances, particularly for essential amino
acids, are higher in the microbiota of the small intestine than in the large intestine in
non-dysbiotic states. In SIBO subjects, the abundance of auxotrophies decreased.
Peptidase gene profiles were distinct between small and large intestinal microbiomes,
with fewer extracellular peptidase genes in the small intestine microbiomes. However,
in SIBO, extracellular peptidase genes increased. Further, more statistically significant
associations were found between the abundance of auxotrophies and peptidase genes
in microbiomes of the small intestine than in the large intestine.

In conclusion, the auxotrophy and peptidase profiles of the small and large intestinal
microbiomes are distinct. In SIBO, the small intestinal microbiome shifts towards a
metabolic state resembling that of the large intestine, particularly in its increased

abundance of extracellular peptidases.

2  Introduction
The microbiota colonizes the entire intestinal tract, but its composition and metabolism
are distinct between the small and large intestines [15]. A primary factor contributing
to these differences is the greater availability of simple nutrients, including mono- and
disaccharides, free amino acids, and dietary proteins and peptides, for microorganisms
in the small intestine compared to the large intestine [182]. Many studies have
demonstrated the involvement of gut microbial metabolism in human health [59][183],
but the focus of research has tended to be on the large intestinal microbiome. The
small intestinal microbiome is often referred to as the “forgotten microbiome” due to its
role in gastrointestinal disorders [184], despite its well-documented role in the

metabolic transformations of dietary molecules. Studies in recent years have shown a
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link between the small intestinal microbiota and human health, demonstrating the
importance of the small intestinal microbiota [50][185].

Digestion of dietary nutrients results in an altered nutritional environment in the small
intestine compared to the large intestine. In the small intestine, dietary proteins are
hydrolyzed into smaller peptides and amino acids, which are mainly absorbed via
mucosa [186]. Given that a substantial amount of dietary proteins are degraded in the
small intestine, the microbiota residing in the lower intestinal tract has limited access
to proteins, peptides, and amino acids except for some proteins that escape digestion
[187][188][21]. In contrast, proteins and peptides of both the human host and bacterial
origin were shown to be critical sources of amino acids in the lower gastrointestinal
tract [31], [94][188]. Moreover, bacteria in the large intestine were shown to secrete
more proteins than in the small intestine [23].

Dietary proteins and peptides are hydrolyzed not only by human proteases but also by
proteases and peptidases produced by the human gut microbiome [27]. Proteolysis
releases amino acids and peptides, which are essential nutrients for many gut-dwelling
microorganisms [20]. The decreasing availability of free amino acids along the
gastrointestinal tract highlights the importance of proteolytic activity for protein
degradation [21], [26]. In microorganisms, two phenotypes regarding a specific amino
acid requirement can be identified: auxotrophic and prototrophic. Auxotrophic
organisms cannot independently synthesize growth-essential nutrients, such as amino
acids, and must obtain them from their environment. In contrast, prototrophic bacteria
can synthesize these metabolites de novo [20]. Theoretical and in-vitro studies have
highlighted the importance of auxotrophies for complex microbial communities through
contributing to community composition [107] and resilience to resource fluctuations
[109], [189].

Since determining amino acid auxotrophies experimentally is laborious and limited to
microorganisms that can be cultivated in isolation under laboratory conditions [72],
computational tools were developed that aim to predict auxotrophies from genome
sequences [82], [114], [190], [191]. The application of these computational auxotrophy
prediction tools has indicated that amino acid auxotrophies are prevalent among
human gut bacteria [68], [190] and are positively associated with gut microbiome
diversity and long-term stability [190]. However, these studies primarily focused on the
large intestinal microbiome. The auxotrophy profile of the small intestinal microbiome

might differ due to the higher availability of amino acids compared to the colon
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ecosystem. Moreover, microbial proteolytic activity might play an important part in
releasing free amino acids for auxotrophic genotypes.

Many diseases are characterized by altered amino acid metabolism of the small
intestinal microbiota, for example, hyperglycemia and obesity [48], [192]. In liver
cirrhosis patients, next to an alteration of the amino acid metabolism, there was also
an enrichment in peptidases seen in the duodenal microbiota [193]. Microbial
proteolytic activity may impact host-microbiome interactions in certain diseases. For
instance, microbial peptidases involved in gluten metabolism were shown to be
reduced in the small intestinal microbiota of celiac disease patients [194]. Moreover,
Small Intestinal Bacterial Overgrowth (SIBO) is a dysbiosis of the small intestinal
microbiota characterized by an abnormal density of bacteria = 10° CFU/ml [195]. SIBO
is associated with several diseases, including nonalcoholic fatty liver disease [196] and
obesity [197], and is often accompanied by protein malabsorption [195], [198]. A recent
study showed that levels of tryptophan and its derived metabolites are altered in urine
and reflected by mental disorders in patients with SIBO [45]. Symptoms were reduced
after antibiotic treatment targeting the small intestinal microbiota, suggesting that
bacteria in the small intestine contribute to symptoms associated with SIBO. However,
whether there is an imbalance in the small intestinal microbiota's protein and amino
acid metabolism remains unclear in patients with SIBO.

This study aimed to investigate the potential influence of varying nutritional conditions
along the gastrointestinal tract on the distribution of auxotrophies by analyzing publicly
available microbiome data obtained from the small intestine regions (i.e., duodenum,
jejunum, and ileum) and the large intestine in a non-dysbiotic state. Auxotrophies were
predicted with genome-scale metabolic modeling (Fig. 10). In addition, we compared
the predicted peptidase gene profiles in microbiomes of the small intestine regions and
the large intestine and assessed the potential relationship between the abundances of
auxotrophies and peptidases. Furthermore, we investigated the peptidase and

auxotrophy profiles of the microbiome in SIBO.

3 Results

Cohorts and microbial genome quantification
For this study, publicly available microbiome sequencing data of two cohorts
(“Reimagine study” [7] and “SIBO study” [199]) were re-analyzed. The “Reimagine

study” collected microbiome samples from the duodenum, jejunum, farthest distance,
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and stool. By “farthest distance” the distance, that could be reached during sampling,
is meant. The “SIBO study” took samples from the duodenum of patients with SIBO
and a non SIBO control group [199]. Both studies were conducted in the United States
of America at the Cedars-Sinai Medical Center. In both studies, 16S rRNA gene
sequencing was used for microbiome profiling. For our re-analysis, Amplicon
sequence variants (ASVs) were inferred from the paired-end 16S rRNA gene
sequencing data in FASTQ format. Representative sequences of ASVs were mapped
to reference genomes of the Human Reference Gut Microbiome (HRGM) catalog [146]
to predict auxotrophies and peptidase genes. The amino acid auxotrophy profiles were
predicted by genome-scale metabolic modeling, as described recently[190]. The
inferred relative abundances of individual genomes from the HRGM catalogue per

sample can be found in the Supplementary Table S7 and S8.
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Figure 10: Flowchart of the study
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Genome-scale metabolic models were reconstructed from genomes of the human reference
gut microbiome [146] (HRGM) catalog with gapseq [111]. Auxotrophies were predicted with
metabolic modeling using flux-balance analysis. The peptidase profiles were determined by
scanning the peptidase sequences of the HRGM catalog for peptidases from the MEROPS
database [200]. The distribution of peptidases and auxotrophies was predicted in the SIBO
and Reimagine study cohorts after mapping on HRGM genomes. The farthest distance refers
to the distance that could be reached during the sampling. Free available icons were taken
from www.flaticon.com (creators: photo3idea_studio, surang, Icon home Eucalyp,

Kiranshastry, Becris, Nadiinko)

Auxotrophies are more abundant in the small intestinal microbiome than in the
large intestinal microbiome

Auxotrophy abundances were compared between gastrointestinal locations:
duodenum, jejunum, farthest distance, and large intestine (Fig. 11). Overall, the results
show that microbiomes in the small intestine have higher auxotrophy abundances than
microbiomes in the large intestine (Fig. 11b). The abundance-weighted average of the
number of auxotrophies per genotype is higher in the microbiomes of all three small
intestinal locations (duodenum, jejunum, farthest distance) compared to large intestinal
microbiomes (Wilcoxon rank sum test, FDR-corrected p values < 0.05).

9 out of 16 tested amino acid auxotrophies showed significantly decreasing relative
abundances along the intestinal tract with higher levels in the small intestine and lower
relative abundance in the large intestine (Kendall’s rank correlation test with intestinal
locations treated as ordered factors, 1 < 0, pag; < 0.05, Fig. 11a). These amino acids
included the human essential amino acids His, Leu, Lys, Phe, and Trp and the non-
essential amino acids Arg, Pro, Ser, and Tyr. In contrast, three amino acid
auxotrophies displayed increasing relative abundance along the intestinal tract with the
highest levels in the large intestine: Thr, Val, and Cys (Kendall’s rank correlation test,
T > 0, pagj < 0.05, Fig. 11a). No statistically significant differences were observed for
the abundance-weighted average of auxotrophies between the microbiomes of the

different small intestinal regions (duodenum, jejunum, farthest distance, Fig, 11b).
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Figure 11: Comparison of auxotrophy profiles in small and large intestinal microbiomes
(a) Comparison of individual microbial amino acid auxotrophy abundances in the SI(Small
intestine)-duodenum, Sl-jejunum, SI-FD (farthest distance reached in the small intestine), and
large intestine (LI). Grey boxes report p values and Kendall’s 1 (tau) from Kendall rank sum
correlation tests between the relative abundance of auxotrophies (y-axis) and the intestinal
regions (color-coded), which is treated as an ordered factor. Reported p values are FDR-
adjusted. (b) Abundance-weighted average of auxotrophies per genotype in duodenal, jejunal,
farthest distance, and colonic microbiomes. Horizontal bars denote pairwise tests for statistical
differences using Wilcoxon rank sum tests. Labels above bars indicate significance levels: ns
— not significant (p value > 0.05), ** (p < 0.01), **** (p < 0.0001).

Distinct peptidase gene profiles of the small and large intestinal microbiomes

Next, we compared the distribution of genes encoding putatively extracellular
peptidases within the microbiome inhabiting various gastrointestinal regions
(duodenum, jejunum, farthest distance, large intestine; Fig. 12, Supplementary Table
S9, S10). Overall, the distribution of peptidases was clearly distinct between the large
and small intestinal microbiomes (Fig. 12a). The differences between gene profiles of
extracellular peptidases were also evident in a Principal Coordinate Analysis (PCoA)
using the Bray-Curtis Distance as metric to quantify distances between gene profiles
(PERMANOVA, R? = 0.397, p = 0.001, Fig. 12c). Moreover, the genotype abundance-
weighted averages of the number of genes encoding extracellular peptidases indicated
that these peptidase genes are less common to microbiomes from each small intestine
region compared to the large intestine microbiome (Wilcoxon rank sum test, p < 0.05;
Fig. 12b). When comparing extracellular peptidase gene profiles between microbiomes
of the small intestine, we observed that the microbiomes in the jejunum harbor more
peptidase genes than in the duodenum (p = 0.02985, Fig. 12b). In sum, the results
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indicate that the peptidase gene profile of the small intestine microbiome is distinct
from that of the large intestine, and the large intestinal microbiomes harbor more genes

encoding putatively extracellular peptidases.
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Figure 12: Comparison of peptidase profiles in small and large intestinal microbiomes
(a) Heatmap of individual peptidase abundances (range-scaled) in the microbiomes of the
small intestine(SI)-duodenum, Sl-jejunum, Si-farthest distance (SI-FD), and large intestine (LI)
microbiomes. (b) Abundance-weighted average of peptidases. Horizontal bars denote pairwise
tests for statistical differences using Wilcoxon rank sum tests. Labels above bars indicate
significance levels: ns — not significant (p value > 0.05), * (p < 0.05), **** (p < 0.0001). (c) PCoA
plot of peptidase profiles of the microbiomes of the four different intestinal regions
(PERMANOVA based on Bray-Curtis Distances of pairwise peptidase profiles, R?=0.397,
p=0.001).

Abundances of auxotrophies are often negatively associated with abundances
of peptidases in the microbiomes of the small and large intestine

Hydrolysis of extracellular accessible peptides could be a mechanism for auxotrophic
bacteria to cover their demand for amino acids. Therefore, we tested for the potential
association between the relative abundance of individual amino acid auxotrophies and
the relative abundance of bacteria that harbor genes for specific putatively extracellular
peptidases (Fig. 13). This correlation analysis was performed separately for large

intestine microbiome samples and duodenal microbiome samples because the
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duodenum was the small intestinal region with the largest sample size. More
statistically significant correlations between auxotrophies and peptidase genes were
found in the duodenum than in the large intestine (Spearman’s rank correlation, Fig.
13). Additionally, most correlations were negative between abundances of
auxotrophies and peptidase genes. Auxotrophies for arginine, histidine, leucine,
proline, serine, and tryptophan had the most statistically significant correlations with
peptidase genes in the duodenum. In the duodenum, several auxotrophies were
negatively associated with peptidases involved in antibiotic resistance (S11, S12, S13
peptidase families), cell wall synthesis (S11, S12, C82, C40 peptidase families), and
peptidoglycan synthesis (C82 peptidase families). Further, auxotrophies were
negatively correlated with peptidase genes involved in glutathione degradation
(T03.001), dietary protein degradation (S01.260), insulin and beta-amyloid
degradation (M16.001), and the lysis of cell walls (M23.950, M23.951). In large
intestinal microbiomes, peptidases involved in the degradation of oligopeptides
degradation (S09.075) and anti-microbial peptides (C01.171) were negatively
associated with several amino acid auxotrophies (Fig. 13).

In conclusion, auxotrophies are mostly negatively correlated with peptidase genes in

small and large intestinal microbiomes.
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Figure 13: Associations between peptidases and auxotrophies in duodenal (SI-

Duodenum) and large intestinal (LI-stool) microbiomes
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Spearman rank sum correlations were calculated between the relative abundance of the
respective amino acid auxotrophy (x-axis) and the relative abundance of specific peptidases

(y-axis). p values were FDR-adjusted.

Auxotrophies are reduced, but extracellular peptidase gene abundances are
increased in the small intestinal microbiomes of SIBO patients

SIBO is a dysbiotic state of the small intestine and is associated with several
gastrointestinal disorders. Serum and urine levels of tryptophan and its derivatives
were altered in SIBO patients, but direct involvement of the gut microbial amino acid
metabolism was not studied. Therefore, we reanalyzed duodenal samples from a SIBO
study[199] and compared auxotrophy and peptidase gene profiles in the duodenum of
SIBO and non-SIBO subjects.

So far, we have observed that the auxotrophy abundances in the non-dysbiotic
duodenal microbiome are higher than in the large intestinal microbiome (Fig. 11a). In
the dysbiotic state of the duodenal microbiome of SIBO subjects, we observed that
auxotrophy abundances are decreased compared to non-SIBO subjects. The
abundance-weighted average of auxotrophies was decreased in the microbiome of
SIBO patients (Fig. 14b, Wilcoxon rank sum test, p = 0.0360). Auxotrophy abundances
of the essential amino acid histidine, leucine, and tryptophan, as well as for the non-
essential amino acids proline, arginine, and serine, were lower in the microbiomes of
SIBO subjects compared to non-SIBO subjects (Fig. 14a, Wilcoxon rank sum test, FDR

corrected p value < 0.05).
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Figure 14: Auxotrophy profiles in the duodenal microbiomes of non-SIBO and SIBO
samples. (a) Individual amino acid auxotrophy abundances in the duodenal microbiome of SIBO
and non-SIBO patients. Asterisks denote the statistical significance of differences in the relative
abundance of the respective auxotrophy between the SIBO and the non-SIBO group (Wilcoxon
rank sum test, * p < 0.05, ** p < 0.01, *** p < 0.001). p values are FDR-adjusted. (b) Abundance-
weighted average of the number of auxotrophies per gut microbial genotype in SIBO and non-SIBO

(Wilcoxon rank sum test, p = 0.036).

Further, the peptidase gene profiles were compared with microbiomes of non-SIBO
and SIBO subjects. Some peptidases occurred either in the human gut microbiome of
SIBO or non-SIBO (Fig 15a, Supplementary Table S11, S12). The PCoA showed that
the peptidase profiles are distinct from the microbiomes of non-SIBO and SIBO
subjects (Fig. 15¢c, PERMANOVA, R?=0.17, p = 0.001). Further, the abundance-
weighted average of putatively extracellular peptidases was higher in the microbiomes
of SIBO patients compared to non-SIBO samples (Wilcoxon rank sum test, p = 0.028,
Fig. 15b). In brief, auxotrophy abundances are reduced, but extracellular peptidase

genes are more abundant in the microbiomes of SIBO patients.
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Figure 15: Microbial peptidase profiles in duodenal microbiomes of SIBO and non-SIBO
samples
(a) Heatmap of individual peptidase abundances (range-scaled) in small intestinal

microbiomes from SIBO and non-SIBO samples. (b) Abundance-weighted average of
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peptidases in the microbiomes of SIBO and non-SIBO samples (Wilcoxon rank sum test, p
value < 0.0001). (c) PCoA plot of peptidase profiles of the microbiomes of SIBO and non-SIBO
samples (PERMANOVA based on Bray-Curtis Distances of pairwise peptidase profiles,
R?=0.17, p=0.001).

4  Discussion

Here, we compared the auxotrophy and extracellular peptidase gene profiles of the
microbiomes in the small and large intestine. Moreover, we investigated whether the
profiles exhibited distinct patterns in the dysbiotic state of SIBO compared to non-SIBO
subjects. Auxotrophy abundances were higher in the microbiomes of the small
intestine than the large intestine, which aligns with the hypothesis that the small
intestinal microbiome secures more amino acids from host dietary sources than the
large intestinal microbiome. In the dysbiotic state SIBO, auxotrophy abundances were
reduced in the duodenal microbiome. Peptidase gene were either more abundant in
small or large intestinal microbiomes, suggesting that available protein sources along
the digestive tract influence the microbial peptidase gene profile. The abundance-
weighted average of extracellular peptidase genes was reduced in the small intestinal
microbiomes than the large intestinal microbiomes but increased in the microbiomes
of SIBO patients.

Our study provides a comprehensive overview of the distribution of peptidases and
amino acid auxotrophies in the small and large intestine microbiome in non-dysbiotic

and dysbiotic states.

The amino acid-rich environment in the small intestine might promote higher
auxotrophy abundances in non-dysbiotic microbiomes

The higher availability of free amino acids in the small intestine resulting from the
digestion of dietary proteins [187], [201] suggests that the microbiome’s dependence
on extracellularly accessible amino acids is higher in the small than in the large
intestine. Our results support this hypothesis, as we observed higher auxotrophy
frequencies for several essential (tryptophan, leucine, histidine, lysine, phenylalanine
) and non-essential amino acids (proline, arginine, tyrosine, serine) in microbiomes of
the small intestine compared to the large intestine (Fig. 11a). This suggests that the
growth conditions provided by the amino acid-rich environment in the small intestine

might confer a fithess advantage for auxotrophic bacteria over prototrophic bacteria.
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That auxotrophic bacteria can have a fithess advantage over prototrophic bacteria in
environments providing the respective metabolites was previously reported[69].
Furthermore, the higher auxotrophy abundances for large amino acids (e.g.,
tryptophan, histidine) may reflect the more significant costs of biosynthesizing these
compounds [96]. Additionally, tryptophan and histidine are slowly absorbed via the
small intestine mucosa compared to other proteinogenic amino acids and might be
available longer for uptake by the small intestine microbiome [202]. Interestingly, amino
acid auxotrophies for threonine, methionine, phenylalanine, and cysteine were higher
in large intestinal microbiomes. Threonine is available in the large intestine in the
backbone of mucin glycoprotein. For example, Akkermansia muciniphila, auxotrophic
for threonine, can degrade the mucin glycoproteins and is reported to be threonine
auxotrophic [94]. Cysteine and methionine are present in the colonic mucosa as
intermediates of the homocysteine cycle [51], and by their secretion to the lumen, they
could be utilized by cysteine and methionine auxotrophic bacteria. The secretion of
cysteine from the mucosa to the lumen was shown in the small intestine [203]. Further,
the release of amino acids by prototrophic bacteria is another potential amino acid
source and could be a source for phenylalanine. In summary, the heterogeneous
auxotrophy profiles of the small and large intestines are primarily attributed to their

distinct microenvironments, which result in differential amino acid availability.

Peptidase gene profiles are distinct between small or large intestinal
microbiomes

Our results indicated distinct profiles of extracellular peptidase genes in small and large
intestinal microbiomes (Fig. 12). The gastrointestinal tract anatomy provides diverse
nutritional conditions, leading to numerous ecological niches [204]. Occupation of
these niches by different bacterial species might contribute to the observed distinct
peptidase profiles of the small and large intestine microbiomes. Enzyme repertoire
studies on human gut microbiome isolates suggest microbial specialization for protein
sources in several different microbial species [205], [206]. For example, Akkermansia
muciniphila, a known colonizer of the large intestine, harbors a repertoire of peptidases
for mucin glycoprotein degradation [205]. Similarly, Paraprevotella species are
recognized as trypsin degraders in the large intestine [206]. Specific strains from
various bacterial species are further recognized in gluten degradation in the duodenum

[207]. Thus, bacteria in the human gut might specialize in protein sources tailored to
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their microenvironment, which explains the repertoire of specific peptidases along the

gastrointestinal tract.

Abundances of auxotrophic bacteria are negatively correlated with several
peptidase genes in small and large intestinal microbiomes

The microbial peptidase activity is linked to the composition of the gut microbiome
[208]. It might play an important in degrading available proteins and peptides, thereby
releasing amino acids that can serve as essential nutrients for auxotrophic bacteria.
Thus, proteolytic activity contributes to the availability of amino acids for the intestinal
microbiome, and we hypothesized that the abundance of genes encoding extracellular
peptidases in the microbiome would be positively associated with the abundance of
auxotrophies. Therefore, we correlated auxotrophy abundances with peptidase gene
abundances in duodenal and large intestinal microbiomes. Against our hypothesis, we
observed predominantly negative correlations between the relative abundance of
amino acid auxotrophies and peptidase genes in small and large intestinal
microbiomes (Fig. 13). Auxotrophic bacteria in the small intestine might save metabolic
costs by potentially not engaging in proteolysis since they thrive in the nutrient-rich
environment of the small intestine with accessible free amino acids derived by dietary
protein digestion facilitated by peptidases secreted by the human host. However, this
does not explain the large number of negative correlations between peptidase genes
and auxotrophic bacteria in the large intestine. Amino acid cross-feeding between
prototrophic and auxotrophic genotypes might be one contributing factor, as this
potential source of amino acids for auxotrophic genotypes does not necessarily require
proteolytic activity.

Our study shows that the abundance of auxotrophies in small and large intestinal
microbiomes is negatively correlated with the abundance of many peptidase genes,
which indicates that auxotrophic bacteria in the gut might commonly utilize different

mechanisms of amino acid acquisition than proteolysis.
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Increased abundances of prototrophic bacteria and extracellular peptidase

genes are characteristics of the microbiome of SIBO patients

The small intestinal microbiome is still understudied compared to the large intestinal
microbiome. Several studies indicated that the small intestinal microbiome is involved
in the pathophysiology of specific diseases [48], [50], [185], [199]. Small intestinal
bacterial overgrowth (SIBO) is characterized by an abnormal growth (>10°
organisms/ml) of bacteria [12] and is associated with several diseases (e.g., IBD).
However, the ecology of bacteria within the gut microbiome of patients with SIBO
remains largely unknown [198], [209]. Investigating the nutritional dependencies of
small intestinal bacteria through the study of amino acid auxotrophies could provide
new insights into the ecology of the small intestinal microbiome in SIBO, and improve
our understanding of its role in the development of SIBO.

Here, we compared the amino acid auxotrophy profiles of patients with SIBO and non-
SIBO controls. The abundance-weighted average of auxotrophies was reduced in the
microbiome of patients with SIBO (Fig. 14b). This is in line with previous findings
demonstrating increased small intestine colonization with colonic bacteria in SIBO
[210], since we also observed that bacteria of the large intestinal microbiome
commonly have less amino acid auxotrophies compared to the small intestine (Fig.
11b). There could be several potential causes for the colonization of the small intestine
with atypical bacteria from the colon environment in SIBO. SIBO is frequently seen in
patients with reduced gastric acid, which could lead to an increased pH in the small
intestine compared to healthy individuals and creates a growth environment closer to
the one found in the large intestine. Therefore, more colonic bacteria might be able to
survive in this less acidic environment. Further, the motility of the gut of SIBO patients
is commonly reduced [211]. This might lead to less bacteria transport from the small
intestine to the large intestine [212]. Stasis is frequently observed in patients with SIBO
[213], [214], further suggesting a slower transit time of food through the gastrointestinal
tract, allowing nutritional resources to remain available for bacteria in the small
intestine for a longer period. They could promote the overgrowth of atypical bacteria in
the small intestine, which is in a non-dysbiotic state characterized by an acidic
environment with quickly changing nutritional conditions [15].

Several factors may promote the colonization of colonic bacteria in the microbiome of
SIBO patients. However, the connection between these changes and auxotrophies, as

well as why auxotrophies are higher in the non-dysbiotic small intestinal microbiome
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but lower in a dysbiotic state, has not yet been explored. Auxotrophic bacteria likely
utilize free amino acids released during dietary protein digestion by proteolytic
enzymes secreted into the gut lumen by the human host. While prototrophic bacteria
can also access these amino acids, auxotrophic bacteria may have a fithess advantage
in the nutrient-rich conditions [69] of the small intestine, which could explain their higher
abundance there. Moreover, the overgrowth of bacteria in SIBO could lead to limited
nutritional resources through increased nutrient competition between bacteria.
Therefore, the gut environment in SIBO patients might favor prototrophic bacteria
because they can synthesize the specific growth-essential nutrients (i.e., amino acids)
and are less dependent on their nutritional environment compared to auxotrophic
bacteria. In sum, while free amino acids available by dietary protein digestion may
support the survival of auxotrophic bacteria in the small intestine in a non-dysbiotic
state, the shifts in nutrient availability and competition in SIBO favor prototrophic
bacteria. Thus, increased prototrophic and reduced auxotrophic bacteria in SIBO can
be explained by the changed nutritional landscape in this dysbiotic state.

Our analysis indicates that the small intestinal microbiome in patients with SIBO has a
higher abundance of genes encoding potential extracellular-acting peptidases
compared to healthy controls. This increase suggests that SIBO-associated bacteria
may engage in more aggressive nutrient acquisition strategies, potentially "competing”
with the host for nutrients, such as by the uptake and catabolism of amino acids.
Supporting this, Chojnacki et al. (2022) reported that urinary tryptophan levels
increased in patients with SIBO following antibiotic treatment [45]. Therefore, the
elevated abundance of extracellular peptidase genes may indicate enhanced bacterial
peptidolysis, potentially leading to protein deficiency symptoms in patients with SIBO.
Conclusively, in a non-dysbiotic state, auxotrophic bacteria are increased in small
intestinal microbiomes compared to large intestinal microbiomes, but they are
decreased in a dysbiotic SIBO. The microenvironment in the microbiome of SIBO
patients favors prototrophic bacteria and increased extracellular peptidase genes in

bacteria.

Limitations
There are some limitations in our study. Predictions of auxotrophy and peptidase
profiles are based on the mapping of 16S rRNA sequences to human gut reference

microbiome sequences. Since whole genome sequences of small intestinal
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microbiomes are still scarce, we decided on this approach. Therefore, the predictions
are based on taxonomic information. In addition, the overall number of microbes and
diversity are another contributing factor. The small intestinal microbiome harbors a
lower density of microbial cells than the large intestinal microbiome [12]. Further, in
SIBO, the number of microorganisms is higher than in a non-dysbiotic state [195].
Additionally, the diversity is most commonly reported to be lower in the small compared
to the large intestinal microbiome [215] and could have influenced our results. Also,
the presence of peptidase genes was analyzed in small and large intestinal
microbiomes in dysbiotic and non-dysbiotic states, but the approach cannot conclude

the actual peptidolytic activity.

5 Conclusion
The nutritional requirements in the small intestinal microbiome are still understudied
despite its association with the pathophysiology of several diseases. This study
showed that the small intestinal microbiomes have higher nutrient requirements, as
indicated by increased amino acid auxotrophies, than the large intestinal microbiome
in non-dysbiotic states. However, amino acid auxotrophies are reduced in the small
intestinal microbiome in small intestinal bacterial overgrowth (SIBO), underlining
different nutrient requirement patterns in dysbiotic states. Our study further suggests
a disrupted microbial ecology in SIBO patients, highlighted by increased extracellular
peptidase genes in their microbiome. As alternatives to antibiotics are increasingly
considered for SIBO treatment, understanding the specific nutritional requirements of
the small intestinal microbiome becomes crucial. Therefore, the results of this study
could advance the knowledge to restore microbial balance and improve therapeutic

outcomes for patients with SIBO.

6 Material and Methods

16S rRNA gene sequencing analysis

16S rRNA gene sequencing data were re-analyzed from two previous studies. The first
study took samples from four gastrointestinal sites: the duodenum, jejunum, farthest
distance, and stool [7]. The farthest distance refers to the location in the
gastrointestinal tract that could be reached during sampling. The second study
investigated the duodenal microbiome in SIBO [199]. Information about the sampling

method is provided by the authors of the studies [7], [199]. The 16S rRNA gene
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sequencing data from the first study were downloaded with the SRA toolkit [216]
(version 3.0.0) from NCBI (BioProject ID: PRJNA590519) [7]. 16S rRNA gene
sequencing data from the SIBO study were taken from the ENA Server (BioProject ID:
PRJNA525828) [199]. Primer sequences were detected and removed from read
sequences using the software Cutadapt [217]. Sequences were only kept for further
analysis if the forward and reversed primer were found and removed. After trimming,
the sequence length was shortened to 275. The package DADA2 (version 1.24.0) was
used to generate the ASVs [218]. After checking the quality of the reads, forward reads
with a length of 265 and reverse reads with a length of 245 were kept (Tolerated
maximal errors (maxEE = 2) from the first study of the sample taken from four
gastrointestinal sites. For the SIBO study, the forward reads were filtered for the length
of 240 and reverse reads for 230 (maxEE = 2). Mapping to representative genomes of
the human gut microbiome.

Representative nucleotide sequences of the calculated ASVs were mapped to the 16S
rRNA genes within genomes of the Human Reference Gut Microbiome (HRGM)
catalog, which consists of 5414 distinct prokaryotic species [168][146]. The mapping
was based on pairwise sequence alignments using BLASTN (version 2.9.0+, REF)
with a minimum query (ASV) coverage of 95% and a minimum sequence identity of
97 %. In the case of multiple hits, only hits with the maximum identity were retained for

further analysis.

Prediction of peptidases

The MEROPS peptidase unit database harbors information about peptidase units
[200]. All protein coding genes and their translation to amino acid sequences within
the genomes of the HRGM collections were predicted using PRODIGAL (version 2.6.3)
[219]. For the prediction of peptidases in the HRGM sequences, a BLASTP search
was performed with the MEROPS scan sequences (e-value < 0.01, query coverage >
85 %) [220]. After the blast search, only hits with a bitscore higher than 100 and a
coverage of the MEROPS peptidase unit of 95% or higher were considered as putative
peptidases in the HRGM genomes. Next, we wanted to identify those peptidase genes
in the HRGM genomes, that likely encode peptidases that act on extracellular peptides
(e.g., via enzyme secretion or cell surface-attached enzymes). Therefore, we used
SignalP (v6.0) [221] to predict signal peptides in the peptidase amino acid sequences

that indicate enzymes that are putatively secreted or translocated across the

66



cytoplasmic membrane. All signal peptides included in SignalP 6.0 were included in

the analysis.

Prediction of auxotrophies

Genome-scale metabolic models of individual genomes from the HRGM collection
were reconstructed using gapseq (version 1.2, commit 13d88a68) [111]. All metabolic
models as well as the exact gapseq commands for the reconstructions are available
at Zenodo [179]. Only genomes with a completeness >=85 % were considered for
further analysis. Auxotrophies were predicted in R (4.3.0) with the R package sybil
[170] (2.2.1) using metabolic modeling as described previously [190]. In brief, flux
balance analysis was performed, with the objective function defined as the flux through
the biomass reaction [120]. The growth of the models was tested with and without the
focal amino acid in the in silico growth medium. The growth medium was predicted by
gapseq [111]. When no growth of the model without the focal amino acid in the medium
was determined compared to the growth rate with the medium containing the amino

acids, it was classified as auxotrophic for the amino acid tested.

Statistical analysis

All statistical analysis was performed with R (4.3.0). The correlation of auxotrophy
abundances with the gastrointestinal region (ordered factors: 1 - duodenum, 2 -
jejunum, 3 - farthest distance reached in the small intestine, and 3 - large intestine)
was determined with the Kendal Rank Correlation, and p values were adjusted for
multiple testing using the false discovery rate (FDR) method. Differences in auxotrophy
abundances of the microbiome in SIBO and non-SIBO were statistically evaluated with
the Wilcoxon rank sum test, and p values were FDR-adjusted. Differences in the
abundance-weighted average of auxotrophies and peptidases in small and large
intestinal microbiomes in a non-dysbiotic and dysbiotic state were statistically
determined with the Wilcoxon rank sum test. Differences in the abundance of
peptidase in the duodenum and large intestine were statistically compared with the
Wilcoxon signed rank test, and p values were adjusted using the FDR method. An
FDR-adjusted p value of <0.05 was considered statistically significant in all tests.
Peptidase profiles between small and large intestine microbiomes and microbiomes of
SIBO and non-SIBO subjects were compared with PCoA analysis using the Bray-

Curtis distance matrix. A permutational multivariate analysis of variances
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(PERMANOVA) as implemented in the R-package ‘vegan’ (v2.6-4) [178] was used to
statistically compare the peptidase profiles between SIBO and non-SIBO samples. The
pairwise Bray-Curtis distance between peptidase profiles was used as a metric for the
distance matrix.

Associations between auxotrophies and peptidases were tested using Spearman’s

rank correlation.

Data availability

16S rRNA amplicon sequencing data of the Reimagine study (BioProject ID:
PRJNA590519) [7] and SIBO study (BioProject ID: PRINA525828) [199] are available
on NCBI as the data was submitted by the authors of the respective studies. Genome-
scale metabolic models of the HRGM catalogue are available via Zenodo [179].
Auxotrophy predictions for all HRGM genomes can be found in the supplemental
material of the published article by Starke et al., 2023 [190].

Code availability
The R code with information about the statistical data analysis and visualization is

uploaded on GitHub: https://github.com/SvStarke/Auxos_SI_LI_microbiomes
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1 Abstract

Auxotrophic bacteria cannot synthesize certain essential metabolites, relying instead
on external sources for growth. Identifying auxotrophies in microbial genotypes is
crucial for understanding microbial ecology, as interactions between auxotrophic and
prototrophic organisms can influence community dynamics. Computational methods
have been developed to predict amino acid auxotrophies from genome sequences,
using either genome-scale metabolic modeling or genome mining of predefined
biosynthetic pathways. However, the accuracy of predictions based on automated
genome-scale metabolic network reconstructions has recently been questioned. In this
study, we compare two state-of-the-art automated auxotrophy prediction tools and
assess their accuracy using known amino acid auxotrophies in 36 human gut
microbiome bacteria. Our results show that both in silico methods are reliable methods

for auxotrophy prediction.

2  Introduction
The composition and metabolic activity of microbiomes play a critical role in shaping
ecosystems in host-associated and free-living environments with potential impact on
the host phenotype and environmental dynamics [49], [61], [222], [223], [224]. For
instance, rumen microorganisms are being studied for their potential to reduce
greenhouse gas emissions [222], while the amino acid metabolism of the human gut
microbiome is linked to inflammatory and metabolic diseases [39], [49]. Cross-feeding
plays a crucial role in shaping ecosystem structure and stability. For example, cross-
feeding promotes the stability of microbial communities, particularly those with
auxotrophic bacteria. Auxotrophy, the inability of bacteria to synthesize certain
essential nutrients like amino acids, is increasingly recognized as a key factor in
microbial ecology[20]. Recent research has highlighted their ubiquity across microbial
systems, emphasizing their ecological importance[68]. Auxotrophic bacteria are
particularly prevalent in host-associated environments, such as the human gut
microbiome e[68], [79], [190]. Recently, a study showed that they are positively
associated with the diversity and long-term stability of the human gut microbiome [190].
Auxotrophies are experimentally verified by observing the growth with and without the
amino acid in question [72]. However, experimental validation of auxotrophies in
bacteria is challenging but the rise in high-throughput sequencing offers new

possibilities for predicting auxotrophies in silico. In this context, genome-scale
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metabolic modeling and genome annotation has gained interest as tools for the
prediction of auxotrophies [68], [79], [190]. Metabolic modeling is a computational
approach used to analyze the metabolic networks of microorganisms, enabling
predictions about their growth requirements for certain nutrients. Genome annotation,
on the other hand, is the process of identifying genes within a genomic sequence
based on known databases or algorithms. Nevertheless, discrepancies between
computational predictions and experimentally verified auxotrophies remain a
significant challenge [72]. This highlights the importance of validating in silico methods,
such as genome-scale metabolic modeling, to ensure their reliability.

So far, genome-scale metabolic modeling has been criticized as an unreliable method
for predicting auxotrophies [119], [225]. In this study, we aim to validate auxotrophies
predicted using genome-scale metabolic modeling against experimentally verified
auxotrophies from bacterial strains. Additionally, we evaluate the reliability of genome-
scale metabolic modeling in predicting amino acid auxotrophies. To provide a
comprehensive assessment, we compare these validation results with auxotrophy
predictions generated by GapMind, offering a detailed evaluation of the predictive

capabilities of these in silico approaches.

3  Material and Methods

Experimentally verified auxotrophies

Ashniev et al. enerumerated a list with experimentally verified amino acid auxotrophies
[79]. The list includes 36 human gut bacterial strains. For some bacteria, auxotrophies
were not predicted for all twenty proteinogenic amino acids. In the supplemental
material, information about the references of the 36 experimentally verified

auxotrophies can be found.

Reconstruction of genome-scale metabolic models

Genome-scale metabolic models were reconstructed with gapseq [111] (version 1.2
2dfa8c80). The reconstruction process takes several steps: (I) Pathways and
transporters prediction, (Il) Draft network reconstruction, (lll) Gapfilling. (I) Reactions
and transporters are predicted based on the genome sequence to state the presence
of pathways in the genome of interest. Definitions of pathways are taken from MetaCyc
[148]. If enough reactions based on sequence evidence are found, the pathway is

considered as present. (Il) the draft model network is constructed based on the found
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pathways and transporters. Further, a biomass reaction is added to the draft model.
(Ill) Gap’s in the model are filled by an algorithm which adds especially reactions with
a already found high sequence evidence close to the cut-off value. Reactions are
added in order to enable the growth (biomass production) by the reconstructed model
on a growth medium which was automatically chosen by gapseq based on found
reactions. More detailed information can be found in our previous publication[190].

The reconstructed models can be found on Zenodo [181].S

Prediction of auxotrophies with genome-scale metabolic modeling

The reconstructed metabolic models were metabolically modeled. Flux-balance
analysis [120] was used to predict the ability of models to grow (form biomass) with
and without the twenty proteinogenic amino acids. Amino acid auxotrophies are

predicted if a model is not able to grow without an amino acid.

Prediction of auxotrophies with GapMind

Genome sequences of the 36 bacterial strains were annotated with GapMind [114].
The detailed information of the GapMind analysis are in the Supplementary. The
underlying query databases was built on 25" July 2024. GapMind uses ublast or
Hmmer to identify genes in the query genome. We predicted auxotrophies based on
the definition by Ramoneda et al. [68] Therefore, reactions in a pathway were
considered as present with at least a medium confidence meaning at least 40% identity
and 70% coverage or at least 30% identity and 80% coverage to the known protein in
the database. Auxotrophies were predicted if more than 40% of the reactions were
missing in the pathway. Alanine, glutamate, and aspartame are not included. All

predictions were made on April 9, 2024.

4 Results

In silico prediction of amino acid auxotrophies

For 36 human gut bacterial strains, amino acid auxotrophies are experimentally verified
and their genome sequences are available via NCBI [79]. These bacterial strains were
used to investigate the reliability of in silico prediction of amino acid auxotrophies with

GapMind [114] and metabolic modeling of genome-scale reconstructed models from

gapseq [111].
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GapMind [114] predicts amino acid auxotrophies via genome annotation. The
presence of an amino acid pathway is stated by identifying candidates for each step of
a pathway and assign them with confidence levels. Reactions are present in a pathway
with at least a medium confidence. If more than 40% of the reactions are missing in an
amino acid pathway, the organism is predicted as auxotrophic for it. For the prediction
of auxotrophies with metabolic modeling, genome-scale metabolic models were
reconstructed with gapseq [111]. Flux-Balance analysis was used to predict the growth
of the model with and without the proteinogenic amino acid [120]. If a model was not

able to grow without the amino acid, an auxotrophy was predicted.

High accuracy of in silico methods for auxotrophy prediction

Comparison of predicted auxotrophies via GapMind [114] and metabolic modeling with
gapseq models to experimentally verified auxotrophy predictions suggests a high
reliability of in silico methods (Fig. 16). In sum, 89 auxotrophies and 466 prototrophies
were experimentally verified. Metabolic modeling predicted 94 auxotrophies and 461
prototrophies and GapMind predicted 81 auxotrophies and 474 prototrophies.
Auxotrophies predicted with GapMind had a sensitivity of 94.3%, specificity of 76.5%,
and accuracy of 91.7% whereas auxotrophies predicted with metabolic modeling had
a sensitivity of 96.1%, specificity of 75.5%, and accuracy of 92.6%. Especially,
differences were seen in in silico vs. experimentally predicted auxotrophies for
cysteine, proline, serine and methionine. 7 out of 36 cysteine auxotrophies were wrong
predicted in both in silico methods. 6 out of 36 methionine and proline auxotrophies
were wrong predicted with genome-scale metabolic modeling.

Overall, our results show that genome-scale metabolic modeling as well as GapMind

have a accuracy > 90%.
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Figure 16: Comparison of in silico methods to predict auxotrophies
Comparison of amino acid auxotrophies experimentally validated auxotrophies of 36 human
gut bacterial strains with predicted auxotrophies by GapMind and genome-wide metabolic

modeling.

5 Discussion

The results of our study show that in silico methods are a reliable method to predict
amino acid auxotrophies in bacteria. We used bacterial genomes with experimentally
verified amino acid auxotrophies for validation. /In silico methods for amino acid
auxotrophy predictions are genome annotation (GapMind) and genome-scale
metabolic modeling. Both methods showed >90% sensitivity and accuracy. However,
specificity was lower with 75.5% (Metabolic Modeling) and 76.5% (GapMind).

So far, not all amino acid biosynthesis pathways are known [226]. Therefore, in silico
methods might not be able to predict all amino acid auxotrophies correctly. Our findings
regarding false predicted cysteine auxotrophies were also described by Ramoneda et
al. [68] Furthermore, in GapMind and in metabolic model reconstruction process the
absence/presence of genes in amino acid biosynthesis pathways is stated by
comparing the query genome to a database via BLAST [111], [114]. Missing organisms
in the database are another reason for the observed incompatibility of in silico
methods. However, the accuracy with >90% indicate a high reliability of both GapMind

and genome- scale metabolic modeling for auxotrophy predictions in bacteria.
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6 Conclusions

Overall, our study shows that despite the known discrepancies between experimentally
verified and in silico predicted auxotrophies, metabolic modeling with gapseq

reconstructed models and GapMind are both reliable tools for autotrophy predictions.
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Chapter V: General Discussion

1 Distribution of amino acid auxotrophies in small and large intestinal

microbiomes

In this thesis, the distribution of amino acid auxotrophies in small and large intestinal
microbiomes was analyzed. So far, it was known that amino acid auxotrophies are
more prevalent in bacteria living in host-associated environments [121] but their
distribution particularly in the human gut microbiome remained understudied.
Therefore, this thesis's first major finding was that amino acid auxotrophies are
common in the human gut microbiome (Fig. 6). One other study investigated the
absence of genes in amino acid biosynthesis pathways in the human gut microbiome
and showed that the human gut microbiome lost genes for the biosynthesis of many
amino acids [79]. Another recent study confirmed the presence of amino acid
auxotrophies in the human gut microbiome. Bacteria living in the human gut had on
average >2 auxotrophies for amino acids [68]. Conclusively, auxotrophies in human
gut bacteria are common, but what is the reason for the abundance of auxotrophies in
the human gut microbiome?

In host-associated environments like the human gut, more auxotrophies are found in
bacteria because the gut environment might be more nutrient-rich than environments
of free-living bacteria. Auxotrophies can develop by an adaption of organisms to their
nutrient-rich environment (Chapter | 2.2). One study showed that in a amino acid-rich
environment with more generations more auxotrophies developed in bacteria [88].
Therefore, auxotrophies might be more common in the human gut microbiome
because the gut environment provides a nutrient-rich landscape and natural selection
leads to the loss of genes in gut bacteria. In particular, the distribution of auxotrophies
in the large intestinal microbiome could be led back to the theory of the Black Queen
Hypothesis (see Box 2 in Chapter | 2.2), which argues that organisms lose biosynthetic
genes for amino acids that are provided by other members of the community. Since
cross-feeding might be an important nutrient source of amino acids for auxotrophic
bacteria in the large intestine (Chapter Il), some bacteria lose genes that are provided
by others. Though, the abundance of auxotrophies for some amino acids were
increased but decreased for others both in small and large intestinal microbiomes. In
the following section it will be reasoned why some genes of amino acid biosynthesis

pathways are more often lost than others.
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1.1 Gene loss of human-essential and metabolically expensive amino
acids in small and large intestinal microbiomes

Amino acid auxotrophies were present in the microbiomes of the small and large
intestines in particular for human essential amino acids (Chapter IIl). However, they
were higher in small than in large intestinal microbiomes. The environment in the small
intestine is more nutrient-rich, especially of free amino acids, due to protein digestion,
and could explain the higher abundance of amino acid auxotrophies in the small
intestinal microbiome (Fig. 11) but it does not explain why particularly auxotrophies for
human essential amino acids higher. Humans take up their essential amino acids by
diet because they lost genes for the biosynthesis of many amino acids when they
started to consume other organisms [227]. Consequently, dietary protein digestion not
only meets human metabolic needs but also supplies amino acid auxotrophic bacteria
in the small intestine with essential amino acids, potentially giving them a fitness
advantage in this environment [23]. It might be expected that human-essential amino
acids are present in higher abundances in food relative to non-essential amino acids
to meet this demand [228]. However, interestingly, human-essential amino acids are
often found in lower relative concentrations in food. For example, amino acids such as
tryptophan and histidine have the lowest abundances (respectively, median = 0.012
g/g total amino acid content, median = 0.028 g/g total amino acid content) in human
food [228]. However, this aligns with the WHQO’s daily recommendations, which indicate
that tryptophan and histidine are required in smaller amounts (mg/g protein) compared
to other essential amino acids [229]. Although humans can synthesize non-essential
amino acids, these are still required in larger quantities, while essential amino acids—
though critical—are needed in smaller proportions [230]. This reduced proportional
requirement ensures that dietary intake might suffice to meet metabolic needs, both
for humans and their gut bacteria. Populations consuming significant amounts of
animal-derived proteins (e.g., meat, eggs, dairy) further stabilize the dietary supply of
essential amino acids in the gut lumen [228], [231]. Nevertheless, the abundance of
auxotrophies in the small intestinal microbiome may vary depending on dietary
patterns and the amino acid content of food [228].
However, this argumentation might explain auxotrophy abundances in small intestinal
microbiomes but not in large intestinal microbiomes since access to dietary protein is
limited [21]. Additionally, some auxotrophies for essential amino acids were higher in

the large intestinal microbiome. In this context, auxotrophies may be sustained by other
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amino acid sources like cross-feeding which will be discussed in Chapter V 3.1.
Therefore, the abundance of auxotrophies for human-essential amino acids might be
explained particularly in large intestinal microbiomes by the higher metabolic costs of
synthesising essential amino acids. Essential amino acids such as tryptophan,
histidine, and BCAAs require energy-intensive pathways for de novo synthesis,
involving complex intermediates that are not derived from central metabolic pathways
like glycolysis or the citric acid cycle [232]. By losing the genes for these biosynthetic
pathways, bacteria can save energy and resources, which could provide a selective
advantage [69]. In comparison, the biosynthesis of non-essential amino acids, such as
glycine, is less costly and often derived from simpler metabolic intermediates, making
it less likely for bacteria to lose the associated genes [232].

In conclusion, amino acid auxotrophies are more abundant in both the small and large
intestinal microbiomes for human-essential and metabolically expensive amino acids.
Their prevalence reflects a combination of factors, including the high cost of
biosynthesis, the reliable dietary supply of essential amino acids, and microbial

interactions within the gut.

2 The influence of auxotrophic bacteria on the diversity and stability

of small and large intestinal microbiomes
This thesis showed as a major result the positive association between auxotrophic gut
bacteria and the diversity and long-term stability of the human gut microbiome (Fig.
8C, 9A). Further, a positive association was found between the cross-feeding of amino
acids and the diversity and long-term stability of the human gut microbiome (Fig. 8D,
9B). So far, it was known that auxotrophies influence the ecology of microbial systems
[109], [145]. However, their influence on the human gut microbiome has not yet been
analyzed. Therefore, these results are particularly intriguing because studies are still
trying to understand the mechanisms behind the stability of the human gut microbiome,
as its microbial alterations are reflected in the host phenotype and serum levels [151].
Additionally, in several diseases, the diversity is reduced in the human gut microbiome
[49], [61], [199], [233]. Communities with high species richness tend to be more stable
over time [151]. In this chapter, it is reasoned why the human gut microbiome's higher
abundances of auxotrophic bacteria, which are more dependent on their environment

and potentially more susceptible to environmental changes, are more stable and what
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the positive link is between cross-feeding in the human gut microbiome and diversity
and long-term stability.

The result of the positive association between auxotrophic gut bacteria and the long-
term stability might be surprising because auxotrophic organisms have a higher
vulnerability than prototrophic organisms due to their dependency on the nutritional
environment. So far, one theoretical study analyzing the robustness of auxotrophic
communities showed that auxotrophic communities are less stable when facing
perturbations. However, when cross-feeding was observed in auxotrophic
communities, they were more stable towards external disruptions [109]. Also, network
patterns were discussed regarding the influence of auxotrophies on community
stability found in aquatic environments and revealed that cross-feeding interactions in
communities with auxotrophies could lead to shifts in the microbiome’s stability.
Indeed, this thesis observed a positive association between cross-feeding and long-
term stability.

In fact, cross-feeding could be the missing link that explains the positive effect of
auxotrophies on the stability of the human gut microbiome. Due to the cross-feeding
of essential nutrients in the community, the dependency on external nutritional
availability might be reduced. It could indicate a more stable microbiome less sensitive
to external nutrient fluctuations. But why are bacteria cross-feeding in a community,
and how does the community benefit? Gene loss favors cross-feeding of essential
nutrients in microbial communities [98]. Organisms lose genes for metabolite synthesis
and specialize in synthesizing specific nutrients, thereby providing essential nutrients
for community members. The costs for synthesizing essential nutrients are shared
between the members of the community, which is described by the division of labor
(Chapter 1 2.3) [100].

Cross-feeding influences not only the stability of the human gut microbiome but
also diversity [234]. This study showed that cross-feeding positively influenced the
diversity of the human gut microbiome. Cross-feeding expands the metabolic niche for
bacteria [107], and therefore, more bacteria can survive, resulting in a more diverse
microbiome, which could explain the positive association between auxotrophic gut
bacteria and the microbiome'’s diversity. Evenness is an important indicator for diversity
but further for stability and is positively influenced by cross-feeding in the gut microbial
community. Cross-feeding increased the evenness of the gut microbiome in a

gnotobiotic mouse model [235]. In addition, more diverse microbial communities are
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less susceptible to disruptions. They protect against the invasion of pathogens by
exchanging the nutrients essential for pathogens between members of the gut
community, making them unavailable for pathogens [62]. The protection against
pathogens by exchanging nutrients in a diverse human gut microbiome and, therefore,
keeping the human gut microbial composition stable promotes our observed
association between cross-feeding and diversity.

Further important to mention is that stool samples were analyzed for the positive
association between auxotrophies and long-term stability and diversity; therefore, the
results refer to the large intestinal microbiome. This thesis did not investigate the
influence of auxotrophies on the long-term stability of the small intestinal microbiome.
In general, the small intestinal microbiome might be less stable than the large intestinal
microbiome since the nutritional environment in the small intestine is subject to nutrient
fluctuations [15]. Therefore, the abundance of auxotrophic bacteria might change more
quickly in the small intestinal microbiome. While cross-feeding may play an important
role in supplying amino acids for auxotrophs in the large intestine and might be linked
to the long-term stability of the human gut microbiome, it may not be the primary
mechanism for auxotrophs in the small intestine. The nutrient- rich environment of the
small intestine might not favour cross-feeding as a study showed that supplementing
the environment with amino acids led to less cross-feeding in the microbial community
[106]. In the next subchapter, nutrient sources of auxotrophic bacteria in the small
intestine are discussed and compared to the large intestine. Further, the influence of
auxotrophic bacteria on the diversity of the small intestine might differ. Generally, the
diversity of the small intestinal microbiome is decreased compared to the large
intestinal microbiome [7], [215]. The diversity of the small intestinal microbiome might
be especially influenced by the influx of nutrients and dietary human enzymes [12].
Though auxotrophic bacteria might thrive in the amino acid-rich environment of the
small intestine, they might not directly influence the microbiome’s diversity. Since the
argument for a positive association between auxotrophies and microbiome diversity in
stool samples is primarily based on cross-feeding—a mechanism that may not be as
prevalent in the small intestinal microbiome—the impact of auxotrophies on diversity
in the small intestine might not be as statistically significant as observed in the large
intestine.

Overall, auxotrophies positively influence the ecology of the human gut microbiome as

auxotrophies are linked to a higher diversity and long-term stability of the human large
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intestinal microbiome. Cross-feeding might strengthen the microbial network towards
external perturbations and could be the reason for the observed positive association
between auxotrophies and the long-term stability and diversity of the human gut
microbiome. However, the influence of auxotrophic bacteria on ecology of the small

intestinal microbiome still needs to be determined.

3  Nutritional ecology of amino acid auxotrophic bacteria in small and

large intestinal microbiomes

The microbe-host relationship is a key area of research, particularly in understanding
how the human gut microbiome provides essential nutrients like B-vitamins and amino
acids, and how its biosynthetic capabilities are linked to various diseases. While many
studies focused on the biosynthetic capabilities of the human gut microbiome, less is
known about the nutritional requirements of the human gut microbiome. This thesis
addressed this gap by examining the nutritional requirements of the human gut
microbiome, focusing on amino acid auxotrophies—a relatively novel approach that
centers on the perspective of the microbes themselves.

The findings of this thesis indicate that amino acid auxotrophies are common in the
human gut microbiome, which is notable given the common assumption that the gut
microbiome primarily supplies nutrients to humans. For instance, studies have
estimated that daily B vitamin production by the human gut microbiome could meet
human requirements [80] that likely could be estimated for amino acid production by
the human gut microbiome. However, the results of this work suggest that many
bacteria in the gut are not nutrient providers for humans, as they lack the ability for de
novo amino acid synthesis. In fact, auxotrophies for human essential amino acids are
more common within the human gut microbiome. Other studies support the ubiquity of
amino acid but also B-vitamin auxotrophies in the human gut microbiome [68], [73],
[74]. Additionally, produced amino acids by prototrophic bacteria in the late intestine
might not serve the host but auxotrophic members in the microbial gut community as
essential nutrient sources. However, results of this thesis suggest that the host
benefits from the exchange of nutrients between microbes in the human gut. As in the
previous subchapter discussed, cross-feeding within the microbial community is crucial
for maintaining a stable and diverse human gut microbiome. These results indicate a
shift in perspective towards the microbe‘s needs and nutritional requirements of

essential nutrients in order to expand knowledge about gut ecology in health and
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disease. Understanding the nutritional environment of amino acid auxotrophic bacteria
in the gut is essential, as their reliance on external sources may be key to sustaining
microbial diversity and stability, particularly in dysbiotic states associated with disease.
The nutritional ecology possesses a framework to discuss the influence of amino acid
auxotrophic bacteria on the gut ecology (Fig.17). In particular, interactions between the
gut environment, auxotrophic gut bacteria and its nutritional requirements are
evaluated. In this chapter, the nutritional ecology of amino acid auxotrophic bacteria in
the human gut microbiome is discussed. First, the focus lies on nutritional sources of
amino acid auxotrophic bacteria in the human gut microbiome. Thereby, the nutritional
ecology of auxotrophic bacteria in small and large intestinal microbiomes are
compared. Then, auxotrophic bacteria and their environment in context of nutrition are
discussed to provide an overview of the nutritional ecology of amino acid auxotrophic

bacteria in small and large intestinal microbiomes..

Gut Environment Nutritional requirements Auxotrophic gut bacteria
Ablotic (e.g. pH) and biotic ] Nutrient sources and Impact on microbial ecology in
(e.g.interactions between dynamics health and disease

bacteria)

Figure 17: Nutritional ecology of amino acid auxotrophic bacteria in the gut

3.1 Potential ways of amino acids acquisition by auxotrophic bacteria in
small and large intestinal microbiomes
The major nutrient source for auxotrophic bacteria in the small intestine might be free
amino acids released by dietary protein digestion. Amino acids degraded from dietary
proteins and peptides are more readily available for auxotrophic bacteria in the small
intestine. They might enhance their growth as the abundance of auxotrophic bacteria
is higher in the small intestinal microbiome compared to the large intestinal microbiome
(Fig. 11). Human enzymes might be the main contributor to dietary protein digestion.
However, there was also the assumption in Chapter Il that auxotrophic bacteria could
participate in the degradation of peptides in the gut. However, overall mainly negative
correlations were observed between auxotrophic bacteria in the small intestine and
peptidase genes (Fig.13). For example, there was a negative correlation observed with
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the chymotrypsin-like peptidase and several amino acid auxotrophic bacteria in the
small intestine. Since, dietary proteins are degraded by human enzymes to amino
acids, the additional degradation of peptides by auxotrophic bacteria in the small
intestine is not crucial in non-dysbiotic states. Indeed, results of this thesis indicate that
auxotrophic bacteria in the small intestinal microbiome, found in higher abundances
than in the large intestine, acquire free amino acids.

The acquisition of free amino acids released from dietary protein digestion might be
the main amino acid sources for auxotrophic bacteria in the small intestine. However,
the major amino acid source for large intestinal bacteria is different. In Chapter II, an
interesting outcome was the origin of the major nutrient source for auxotrophic bacteria
in the large intestine: cross-feeding. Even though some dietary proteins might reach
the colon, does not reach a significant fraction of dietary amino acids and proteins the
colon and are, therefore, not a reasonable nutrient source for colonic gut bacteria [21].
Also, no statistically significant association was observed between autotrophic bacteria
in the large intestine and the dietary amino acid intake (Fig S7). Therefore, the results
indicate that auxotrophic bacteria in the large intestine acquire essential amino acids
by cross-feeding in the microbial community. Based on the theory of the Black Queen
hypothesis (Box 2 in Chapter | 2.2), bacteria lose genes for metabolic costly amino
acids because they are provided by other members of the bacterial community [90].
Indeed, a study investigating the secretome of human gut bacteria showed that more
large proteins are secreted in the large intestine than small intestine [23]. For
Proteobacteria, which showed in our study the least auxotrophy counts per genotype
and are a major phylum in the human gut microbiome, more open reading frames of
secreted proteins for amino acid metabolism and function were found [23]. Therefore,
de novo synthesized amino acids by prototrophic bacteria might be secreted to the
environment and utilized by auxotrophic bacteria in the microbial community. As
already stated in the previous subchapter, cross-feeding might not be a reasonable
nutrient source for auxotrophic bacteria in the small intestine due to the nutrient-rich
environment in the small intestine.

Not only secreted amino acids by prototrophic bacteria are sources for auxotrophic gut
bacteria but secreted amino acids by the host. Studies showed that a substantial
amount of essential and non-essential amino acids are endogenously lost in the small

and large intestine [236], [237], [238]. Those endogenously lost amino acids display
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further nutrient sources for auxotrophic bacteria particularly in the large intestine since
dietary amino acids do not reach the colon in substantially amounts [21].

Further, Chapter Il showed an association between many auxotrophic large intestinal
bacteria (e.g., threonine and tyrosine) and serum levels of bile acid derivatives was
found. Bile acids are conjugated with amino acids [239]. Their microbial conjugation
and deconjugation could further alter amino acid availability and display another
potential nutrient source for auxotrophic gut bacteria not only in the large intestine but
in the small intestine. Some microbial-conjugated bile acids are not deconjugated,
which could further alter the amino acid availability. The concentration of deconjugated
amino acids is further different in the gastrointestinal tract compared to the stool [240].
However, the presence of enzymes capable of conjugating/ deconjugating in
auxotrophic genotypes has not yet been determined.

Another nutrient source for both small and large intestinal bacteria that was so far not
mentioned are human proteins. Human protein abundance differs in the upper and
lower gastrointestinal tract [240]. The variation in human proteins is higher in the upper
gastrointestinal tract than in stool. Overall, human proteomes are correlated with
microbial composition [240]. Indeed, associations were found between auxotrophies
and peptidases involved in host protein degradation (e.g., C01.171) in Chapter lIl.
Several amino acid sources exist for auxotrophic bacteria in the gastrointestinal tract.
Since their availability varies along the gastrointestinal tract, the source of amino acid
for auxotrophic gut bacteria depends on their location in the gastrointestinal tract.
Meanwhile, digested dietary peptides and amino acids might feed, especially
auxotrophic bacteria in the small intestine, and cross-feeding between bacteria in the
large intestine is the main nutrient source for auxotrophic bacteria. Knowledge about
the amino acid sources of auxotrophic bacteria could help design therapeutic
approaches to feed auxotrophic bacteria and enhance their growth in dysbiotic states

of the human gut microbiome, which could help restore the microbiome.

3.2 Ubiquity of amino acid auxotrophies in the human gut microbiome
indicates a shift towards microbial nutritional ecology

Many studies showed a shift in the microbial composition in metabolic and

inflammatory diseases with specific microorganism becoming more dominant in the

human gut microbiome [39], [49], [233], [241]. Researchers are still questioning if the

change in the microbial composition or in the environment comes first. Since amino
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acid auxotrophic bacteria are widely distributed in the human gut microbiome and
dependent on the nutritional environment, raises this study new discussions about the
nutritional requirements of the human gut microbiome in health and disease which will
be discussed in the following.

Results of Chapter Ill showed that amino acid auxotrophies are reduced in dysbiotic
states of the small intestine. It was discussed that a change of the (nutritional)
environment by reduced resource availability and increased competition might be key
factors for the observed reduction of auxotrophic bacteria in the microbiome of patients
with SIBO (Fig.14). Recently, another study confirmed that metabolically dependent
(auxotrophic) bacteria are reduced in the gut microbial dysbiosis of IBD patients [40].
This study was particularly insightful because it involved fecal transplants from healthy
individuals to IBD patients. The microbes that survived in the IBD patients' gut
environment generally had larger genomes and more complete pathways for
synthesizing essential nutrients, such as amino acids (prototrophic). In contrast,
microorganisms with smaller genomes and fewer pathways for essential nutrients were
less prevalent (auxotrophic). Even though the fecal transplants came from healthy
individuals, many beneficial microbes were unable to thrive in the altered gut
environment of IBD patients, indicating that changes in the environment, rather than
the microbial community itself, may be the driving force behind the shift in composition
[40]. This is more reasoned by the fact that auxotrophic bacteria are dependent on
their environment which indicates that changes in the environment for example by a
reduced availability of essential nutrients might lead to reduced auxotrophies
abundances in the human gut microbiome observed in dysbiotic states. Since in
Chapter I, it was shown that auxotrophic gut bacteria are positively associated with
diversity and long-term stability, the reduction of auxotrophies might lead to an
unstable, less diverse microbiome in the large intestine which could further support
altered microbial compositions in disease states like IBD as microbial systems with
less diversity are less stable. For the dysbotic state of the small intestinal microbiome,
it was already discussed in Chapter lll that the environment in the duodenum of the
dysbiotic state SIBO characterised by overgrowth of bacteria, limited nutrient
resources and competition could favor prototrophic bacteria. Further, increased
peptidase genes are observed in the microbiome of SIBO patients which might be
reasoned by limited resources and increased competition due to the over colonization

but could further ameliorate the dysbiotic state and reduced nutrient supply for the host
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(Fig. 18). Therefore, focusing on the microbial diet is not only important to potentially
restore the dysbiotic state of the human gut microbiome in SIBO subjects but to supply
the host with essential nutrients since in SIBO patients hypoproteinemia is seen [242],
[243].
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Figure 18: Comparison of the microenvironments of the gut in non-SIBO and SIBO
subjects

In non-SIBO subjects (left figure), auxotrophs (yellow-colored bacteria) are increased, while
peptidase genes are decreased in the microbiome of the small intestine. In contrast, in SIBO
subjects, auxotrophs are reduced, and peptidase genes are increased (right figure) in the
microbiome of the small intestine. In SIBO, bacterial overgrowth might lead to higher amino
acid consumption (depicted by flashes) reasoned by an overcolonization of bacteria, which
may result in nutrient limitations for both the gut microbiome and the host. As competition
between bacteria increases, metabolically independent prototrophic bacteria (blue-colored

bacteria) may become more abundant, as they do not rely on external amino acids.

Therefore, the change in the gut environment might comes first and might lead to
altered microbial compositions in the gut.

Conclusively, the environment is crucial for providing essential nutrients to auxotrophic
bacteria and might be changed in disease states thereby favouring prototrophic
bacteria. Thus, changes in the gut environment are likely central to shifts in microbial
ecology, with significant implications for health and disease. However, influencing
factors of the nutritional ecology might be different of auxotrophic bacteria living in the
small and large intestine.

In summary, the nutritional ecology of amino acid auxotrophic bacteria differs
significantly between the small and large intestine, driven by variations in nutrient
availability and environmental conditions. In the small intestine, auxotrophic bacteria
predominantly rely on free amino acids derived from dietary protein digestion,
facilitated by host enzymes. In contrast, the large intestine represents a nutrient-poorer

environment where auxotrophic bacteria primarily depend on cross-feeding
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interactions within the microbial community. These metabolic exchanges are crucial
for maintaining microbial diversity and stability, particularly in dysbiotic states. The
findings underscore the importance of understanding these nutritional dynamics, as
disruptions to this balance—whether through reduced nutrient availability or altered
microbial composition—can exacerbate conditions such as IBD or SIBO. This
highlights the potential for therapeutic strategies that target microbial diets or enhance
cross-feeding interactions to restore microbial balance and support host health.
Further research into the distinct ecological requirements of auxotrophic bacteria in
different gut regions will deepen our understanding of the microbiome’s role in health

and disease.

4  Auxotrophic bacteria as biomarkers and therapeutic targets to

restore the human gut microbiome in dysbiotic states

The change of the microbial composition and functions in diseases is related to the
etiology and pathophysiology of diseases [39], [43], [49]. So far, there are several
approaches to restore the microbial composition in diseases. Probiotics, prebiotics and
their combination in symbiotics are promising therapeutics. Further fecal transplants
are studied to restore a dysbiotic microbiome in diseases [244]. This section discusses
the therapeutic potential of amino acid auxotrophies in the human gut microbiome.

The results of this thesis indicate that auxotrophies could serve as new biomarkers for
gut microbiome stability as they were positively associated with the long-term stability
of the human gut microbiome. Another study proved that microbial amino acid
biosynthesis is an indicator for gut microbiome fluctuations [245]. Such a biomarker
could provide an early indication of ecological changes in the microbiome of the large
intestine. Additionally, since auxotrophic abundances were reduced in the small
intestinal microbiomes of patients with SIBO compared to a non-dysbiotic state,
auxotrophy abundances in the small intestinal microbiome might further indicate
ecological changes. However, there are several challenges in the development of
biomarkers based on the gut microbiome. The interindividual variability of the gut
microbiome must be considered when developing auxotrophies as biomarkers for the
human gut microbiome in health and disease [245]. Additionally, further studies are
needed to validate auxotrophies as a biomarker in the human gut microbiome and to
define thresholds for distinguishing healthy and dysbiotic states on an individual basis.

Though analysing and interpreting the results of microbiome studies is expensive and
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complex in particular the quantification of biomarkers. Still, a recent survey came to
the conclusion that biomarkers based on the human gut microbiome could be
promising for example for inflammatory and metabolic diseass diseases [246].

The distribution of auxotrophies could also play a role in restoring gut microbiome
ecology in disease states. In fact, network analysis could identify bacteria with central
roles in the human gut microbiome. By reconstructing networks (e.g., cross-feeding
networks) of the human gut microbiome, bacteria occupying central positions within
these networks could be identified. Studying these central positioned bacteria could
provide insight into microbial interactions and could give further insights on gut
ecology. One recent study utilised a network approach to predict interactions in
microbial communities with B-vitamin auxotrophies [247]. Probiotic formulations with
these key bacteria, combined with their nutritional requirements (e.g., essential amino
acids), could be incorporated into synbiotics to support gut health, particularly when
targeting the large intestinal microbiome. Since a study showed no difference in
auxotrophic bacteria in the gut by changing dietary B-vitamin concentrations,
incorporating amino acids in synbiotics could improve the growth of auxotrophic
bacteria particularly when targeting the large intestinal microbiome [73]. This approach
may be also relevant for gut dysbiotic states like SIBO, where auxotrophies are
reduced. In SIBO, changes in the gut environment, such as limited nutrient availability
and increased bacterial competition, might favor prototrophic bacteria, which have a
metabolic advantage due to their independence from external amino acids (Fig. 18).
Probiotics, instead of antibiotics, are already being discussed as a potential therapy
for patients with SIBO. A randomized control trial already showed that probiotics,
together with the FODMAP diet, characterised by a reduction of small, fermentable
carbohydrates, might have the potential to restore the microbiome of SIBO patients
[248]. In addition, a recently study showed promising potential targeting the small
intestinal microbiome with fermented milk product. Indeed, changes were observed in
the composition and function of the small intestinal microbiota after consumption of
fermented milk products, in particular the microbial amino acid metabolism [249].
Further, another study showed promising results when administering probiotics to the
small intestinal microbiome [250]. Therefore, a design of a synbiotic consisting of
probiotic strains and essential amino acids could be a promising approach. However,
the specific effects of such probiotics or synbiotics must still be thoroughly studied to

confirm their potential benefits.
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Overall, auxotrophic bacteria show significant potential as biomarkers in small and
large intestinal microbiomes. Their therapeutic applications through probiotics,
prebiotics, and synbiotics could help restore gut microbiome stability and diversity in
dysbiotic states. However, these approaches require further experimental validation to

fully realize their potential in clinical practice.

5 Amino acid auxotrophies in the gut microbiome: putative

peptidolysis, SCFA synthesis, and their impact on human health

The human gut microbiome plays a vital role in health and disease through its ability
to consume and synthesize metabolites (Chapter |.1). This thesis’s results highlighted
some metabolic characteristics of amino acid auxotrophic bacteria. Chapter Il showed
that auxotrophic bacteria are more likely to synthesise some SCFA and other organic
acids compared to prototrophic bacteria. In addition, in Chapter Il was presented that
amino acid auxotrophic bacteria in small and large intestinal microbiomes are
correlated with microbial peptidase genes. Therefore his chapter focuses on the
potential roles of amino acid auxotrophic bacteria in the gut regarding their putative
proteolytic activity, short-chain fatty acid (SCFA) synthesis, and their broader
implications for human health and disease.

Peptidolysis and its health implications

Peptidolytic activity in the gut microbiome influences host health in diverse ways, from
alleviating symptoms in conditions like celiac disease through gluten degradation to
contributing to inflammatory processes in inflammatory bowel disease IBD [251], [252].
While peptidase genes associated with auxotrophic bacteria remain underexplored,
analyses in Chapter lll revealed significant associations between these bacteria and
peptidases involved in critical processes, such as glutathione degradation and
antibiotic resistance.

In Chapter lll, auxotrophic bacteria in the small intestinal microbiome were negatively
associated with many antibiotic resistance genes when investigating the peptides gene
profiles, in particular penicillin-binding proteins (S11, S13 peptidase family). The
ubiquitous distribution of antibiotic resistance genes has negative consequences for
the successful administration of antibiotics. Several studies showed that antibiotic
resistance genes are present in the human gut microbiome [253], [254]. In several
disease, the presence of antibiotic resistance genes in the human gut microbiome was

associated with the pathophysiology [255], [256]. Interestingly, an experimental study
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showed that nutrient competition for proline in the human gut microbiome is able to
suppress the growth of an antibiotic resistant E.coli strain [257]. Since auxotrophic
bacteria are negatively associated with peptidase genes involved in antibiotic
resistance, they could have protective effects on the distribution of antibiotic resistance
genes in the human gut microbiome by acquiring essential amino acids and competing
with other bacteria. Therefore, the decrease in auxotrophic bacteria could have
detrimental effects in SIBO and could potentially enable colonization of antibiotic
resistant bacteria. Indeed, in the microbiome of SIBO patients with malabsorptive
syndrome, antibiotic resistance genes were observed [258] and discussed in treatment
options [259], [260]. In sum, auxotrophic bacteria in the small intestinal microbiome
might positively impact the presence of antibiotic resistance genes in the human gut
microbiome which could have implications in SIBO when they are reduced.
Interestingly, fewer associations between auxotrophic bacteria and peptidase genes
involved in antibiotic resistance were observed in the large intestinal microbiome (Fig.
13). This contrasts with findings in the small intestine, where auxotrophic bacteria were
negatively associated with many antibiotic resistance genes, particularly penicillin-
binding proteins. One possible explanation for this difference lies in the nutritional
environment of the large intestine, which is more stable compared to the small
intestine. In the small intestine in contrast to the large intestine, nutrient fluxes are
higher due to incoming enzymatic fluids and dietary digests [12]. This stability likely
reduces competitive pressures for essential amino acids, which may explain why
auxotrophic bacteria are less strongly associated with antibiotic resistance genes in
this region. In addition, the large intestine contains a dense and diverse microbial
community. This diversity allows bacteria to interact in more complex ways, such as
sharing resources like amino acids. As a result, auxotrophic bacteria in the large
intestinal microbiome may rely on these shared resources rather than directly
competing for them (Chapter V 3). Indeed, a study showed that the microbiome’s
diversity might protect against the distribution of antibiotic resistance genes [261]. This
interconnected environment might make it harder to detect a clear statistical link
between auxotrophic bacteria and antibiotic resistance genes in the large intestine.
These factors—the stable nutrient environment and the complex microbial
interactions—may together explain the weaker association observed in this region.
Additionally, auxotrophic bacteria could directly influence gut homeostasis in the small

intestine. Negative associations with several amino acid auxotrophies were observed
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for peptidase gene (T03.001) of gamma-glutamyltransferase in the duodenum. The
microbial peptidase can cleave the glutamyl bonds in glutathione [262]. Glutathione is
a regulator of oxidative stress in the gut. Oxidative stress is a characteristic of
inflammatory conditions in IBD; reduced glutathione levels were observed [263]. Since
auxotrophic bacteria are negatively associated with peptides genes involved in
glutathione degradation, they could have protective effects on oxidative stress in the
gut.

SCFA synthesis in gut dysbiosis states

In Chapter |l, several auxotrophic bacteria were associated with the synthesis of
organic acids such as lactate, butyrate, and succinate. SCFA and other organic acids
are essential for maintaining gut health and homeostasis. The quantity of SCFA in the
gut is associated with diseases and treatment with SCFA improved inflammatory
conditions in the gut [264], [265]. Many studies investigating the metabolic profile of
SCFA observed increased or decreased potential for the synthesis of SCFA by the
human gut microbiome. For example, butyrate producing bacteria were decreased in
the gut microbiome of patients with IBD [233].

In the small intestine, several organic acids are found like lactate, butyrate and formate
which are associated with auxotrophic bacteria [25]. The SCFA profile in the
microbiome of patients with SIBO remains understudied, likely due to the limited
availability of whole genome sequence data. However, one study measured the
concentrations of organic acids in the jejunal fluids of patients with SIBO and healthy
controls, finding that the distribution of organic acids in SIBO patients resembled that
typically found in feces. [266]. Results from Chapter Il showed that the microbiome of
patients with SIBO has a lower abundance of auxotrophic bacteria, similar to
observations in the large intestinal microbiome. This similarity suggests that the
microbiome shifts in SIBO, resembling those in the large intestine, may be linked to
altered SCFA profiles, which could impact gut homeostasis and disease progression.
Auxotrophic bacteria, which are associated with SCFA synthesis, might influence
SCFA levels, and their reduced abundance in SIBO (Chapter Ill) could therefore
disrupt gut homeostasis. In conclusion, peptidase genes and the synthesis of SCFA
associated with amino acid auxotrophic bacteria provide critical insights into their
potential roles in gut homeostasis. By influencing oxidative stress, SCFA production,
and antibiotic resistance, auxotrophic bacteria may significantly impact gut health and

disease states.
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6 Limitation of in silico prediction of auxotrophies

In this thesis, auxotrophies are predicted via genome-scale metabolic modeling.
Discrepancies are known for auxotrophies predicted with genome-scale metabolic
Modeling when compared to experimentally verified auxotrophies [62], [68]. Still, in
Chapters Il and IV, the high reliability of auxotrophies predicted with metabolic
modeling was shown. In addition, auxotrophy predictions with metabolic modeling
were compared to another in silico method. In the following, challenges and limitations
of the prediction of auxotrophies with in silico methods will be discussed. Additionally,
an outlook for future methodological approaches are given to further improve validation
of amino acid auxotrophies by genome-scale metabolic modeling.

In Chapter Il, genome-scale metabolic modeling was validated and showed an
accuracy of >90%. Further, in Chapter IV, another in silico method, called GapMind,
for auxotrophic prediction based on genome annotation was evaluated and showed an
accuracy of >90%. When comparing both in silico auxotrophy prediction methods, it
can be said that gapseq reconstructed models overpredict auxotrophies and GapMind
underpredict auxotrophies (Chapter 1V). Both methods rely on different principles.
GapMind predicts auxotrophies via genome annotation and states the
presence/absence of a reaction. In particular, the percentage of absent reactions in a
biosynthesis pathway is stated as an auxotrophy based on experimental data. Gapseq
automatically reconstructs genome-scale metabolic models, and auxotrophies are
predicted with flux-balance analysis.

Though the accuracy of GapMind and metabolic modeling was >90%, some
discrepancies were observed compared to experimentally verified auxotrophies. There
are several reasons for this. First, there are still some unknown gaps in amino acid
pathways. Not all reactions have yet been discovered [226]. Some genes are not
especially known for sulfate-reducing bacteria. Thus, for the production of serine, for
example, some genes are unknown, and inconsistencies in auxotrophy predictions
were found [173]. Second, the organisms in the database that determine the sequence
alignment to the query genome considerably impact the prediction of the
absence/presence of genes [114]. Ideally, the reactions of the pathways in the
database are experimentally characterized. Gapseq and GapMind involve
experimentally verified reactions in their databases [111], [114]. Third, the quality of

the genomes has an influence on in silico auxotrophy predictions. The incompleteness
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of genomes can lead to an over-prediction of auxotrophies (Figure S1). The genomes
used for model reconstruction were filtered for a completeness of 85% (Chapters I, 111)
to avoid an overprediction of auxotrophies. One limitation of predicting auxotrophies
using genome-scale metabolic modeling or experimental validation in vitro is that
precursor amino acids for a biosynthetic pathway may be present in the growth
medium. Since only one amino acid is typically removed at a time, these precursors
can affect the accuracy of auxotrophy predictions. For example, L-serine is a precursor
for L-tryptophan biosynthesis. If L-serine is available in the medium, tryptophan
biosynthesis may still occur as long as the gene for the enzyme in the final step of the
pathway is present. This could lead to a false prediction of tryptophan prototrophy
(independence from tryptophan), even though the organism is actually auxotrophic for
tryptophan.

There are several methodological principles in metabolic modeling that play a key role
in influencing the accuracy of auxotrophy predictions. One key aspect is how nutrient
utilization is predicted. Typically, a flux is set through the metabolic network based on
an objective function, which, in the case of auxotrophy predictions, is often biomass
formation [120]. This is a standard approach in metabolic modeling. However, bacterial
cells also invest in yield not only in growth. Wether a bacterial cells increases yield or
growth growth is dependent on growth conditions [267].

Another critical step is gap-filling during the reconstruction of genome-scale metabolic
models. One study criticised gap-filling in automatically reconstructed metabolic
models and emphasised the media compositions as being a crucial step[119]. The
growth medium should be individually chosen for each metabolic model and relies on
computational and experimental approaches to reduce inconsistencies [119]. For
example, gapseq employs a gap-filling algorithm that predicts a suitable medium based
on homology searches and mathematical optimization [111]. Metabolites are added to
the gap-filling medium based on reactions identified in the draft metabolic networks
(see Box 3 in Chapter | 3.1). These metabolites include compounds commonly found
in the gut environment (see Supplementary Information for Chapter Il). This
individualized, algorithmic approach ensures that the growth medium is optimized to
improve the accuracy of metabolic model reconstructions.In conclusion, several
methodological aspects could contribute to the observed inconsistencies in auxotrophy

predictions made with genome-scale metabolic modeling.
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There are also methodological approaches that could help improve the validation of
these predictions. Currently, auxotrophy predictions rely on genome-scale metabolic
models built primarily from genome sequences without incorporating transcriptomic
data. This means they lack information about actual biological activity. By integrating
additional omics data, such as transcriptomic and proteomic data, gene expression
could be incorporated, potentially improving the validation of these models. For
example, a recent study used metatranscriptomic data to map biological activity onto
genomes in a community-scale approach [268].Using this method, the authors were
able to predict amino acid auxotrophies and cross-feeding of amino acids. The findings
in Chapter Il indicate that cross-feeding of essential nutrients between auxotrophic and
prototrophic gut species is directly linked to diversity and stability. This highlights the
value of community modeling in predicting ecological interactions within microbial
ecosystems. This suggests that integrating transcriptomic data, combined with a
community-based approach, could improve predictions by accounting for both
biological activity (via gene expression) and ecological interactions such as cross-
feeding [268]. Furthermore, integrating metabolomic data could further validate the
metabolic activity modeled by genome-scale metabolic networks. One study integrated
genome-scale metabolic models with metabolomics and transcriptomics in a
community model to study cross-feeding in a phototrophic community [269]. They
experimentally validated the exchange of metabolites by the analysis of metabolomic
data and RNA-sequences. Further studies could improve the validation of amino acid
auxotrophies by adding transcriptomic data from human gut microbiome. In addition,
to prove the exchange of amino acids, which was a positive link to diversity and
stability, metabolomic data from human gut fluids could be integrated. For example,
for validating an auxotrophy for tryptophan predicted by genome-scale metabolic
modeling, transcriptomic data could state that genes for transports are increased and
metabolomics data could show the presence of tryptophan in the gut environment of
the bacterial species. .

Despite the mentioned limitations, this study has demonstrated that genome-scale
metabolic modeling) is a precise method for predicting auxotrophies. Future research
should focus on integrating genomic data with multi-omics approaches to enhance the
biological relevance of predictions. Tthe development of dynamic in silico models

based on metabolic networks through community modelling and temporally resolved
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omics data could further improve prediction accuracy and provide deeper insights into

the microbial ecology of the gut.
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Chapter VI: Conclusion

The ecological characteristics of the human gut microbiome are linked to the
pathophysiology of inflammatory and metabolic diseases. However, despite extensive
research, our understanding of the complex interactions between gut microbes
remains limited. Studying the ecology of the human gut microbiome and the factors
that influence it could provide crucial insights into the microbe-host relationship.
Auxotrophies play a significant role in shaping microbial ecosystems, yet their
distribution and ecological impact within the human gut microbiome have not been
thoroughly explored.

This thesis is the first to show the distribution of amino acid auxotrophies in human gut
bacteria and the influence of auxotrophies on the human gut microbiome. Results
showed that amino acid auxotrophies are common in human gut bacteria, with small
intestinal bacteria having higher auxotrophies than large intestinal bacteria. However,
in the dysbiotic state SIBO, auxotrophy abundances are reduced. These findings offer
new insights into the nutritional dependencies of gut bacteria and open new ideas for
manipulating microbiome composition to promote health.

Further, amino acid auxotrophies positively influence the microbiome diversity and
stability, critical factors in maintaining gut homeostasis. Microbial communities with
more cross-feeding were more diverse and stable over time. Given the association of
many diseases with microbial imbalances and reduced diversity, these results lay the
groundwork for future studies to restore dysbiotic microbiomes through targeted
auxotrophy modulation. Additionally, auxotrophies hold potential as biomarkers for
early detection of gut microbiome changes, with clinical applications in both diagnostics
and therapeutics.

So far, auxotrophy prediction with genome-scale metabolic modeling has been
criticized as unreliable. Thus, the validation of metabolic modeling and GapMind with
an accuracy >90% is a massive statement for the reliability of auxotrophy prediction
with in silico methods.

In summary, the results gained from this thesis not only advance our understanding of
the human gut microbiome’s ecological dynamics but also offer promising directions
for developing microbiome-targeted interventions to improve human health. Future
research can build upon these findings to explore the therapeutic potential of
auxotrophies in restoring microbial balance and enhancing microbiome resilience in

disease contexts.
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Supplementary Material and Methods

Reconstruction of genome-scale metabolic models

Genome-scale metabolic models of prokaryotic genomes were reconstructed using
gapseq [111]. In brief, the gapseq reconstruction workflow consisted of five steps: (i)
Reaction and pathway prediction, (ii) prediction of metabolite cross-membrane
transporters, (iii) reconstruction of a draft metabolic network based on the results from
I 'and i, (iv) estimation of an organism-specific growth medium-based on the predicted
metabolic capabilities, and (v) gap filling of the metabolic network to enable biomass
production using flux balance analysis. Model reconstructions were limited to bacterial
genomes marked as representative species in the HRGM collection. Further, genomes
with an estimated contamination percentage of <2% or a completion 285% were
included. Based on these filters, 3 687 bacterial genomes were subject to metabolic
model reconstruction. Among those genomes, 22% are from bacterial isolates, and
78% are metagenome-assembled genomes.

A recent computational study has shown in a systematic analysis of isolate- and
metagenome-assembled genomes that the gap-filling medium strongly impacts the
auxotrophies predicted by genome-scale metabolic modelling [119]. We note that with
the reconstruction procedure used in this study, we do not rely on an arbitrarily defined
gap-filling medium, which is used for every metabolic network model. Instead, for each
draft network, a genome-specific gap-filing medium is predicted (see section
“Prediction of a genome-specific gap-filling medium” below for details). In brief, if the
medium prediction algorithm of gapseq finds a known biosynthetic pathway for a
specific amino acid in the draft metabolic network, the amino acid will not be part of
the resulting predicted medium, as the compound is likely not required from the growth
environment, thus, also not necessary for subsequent gap filling. In contrast, if the

medium prediction algorithm does not detect at least one complete known biosynthetic
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pathway for a specific amino acid, the respective compound is added to the outcome
gap-filling medium based on the rationale that this amino is a putative essential
compound that needs to be obtained from the growth environment. However, it is
important to note that this case does not directly imply that the organism is auxotrophic
for the specific amino acid, as the subsequent gap-filling algorithm might add reactions
to the model that complete a biosynthesis route from other compounds in the gap-filling
medium to the amino acid. Such reactions are only added in cases where a gene was
found in the query genome that displays sequence similarity to a reference gene
sequence with the respective enzymatic function but where the sequence similarity
was not high enough to pass the threshold of the bitscore 200 to be directly included
in the draft network. For details on the gap-filling algorithm implemented in gapseq,
please refer to the original gapseq publication [111].

Taken together, the model reconstruction and auxotrophy prediction that we used for
the present study do not depend on one gap-filling medium composition that is defined
for all organisms but adjusts the medium for each organism based on its genome

information and by using the multi-step gap-filling algorithm that is implemented in

gapseq.

Prediction of a genome-specific gap-filling medium

The genome-scale metabolic network reconstruction process of gapseq requires a
gap-filling medium for the final gap-filling step (see above). Here, we used a medium
prediction feature (module “gapseq medium”) of the gapseq software, which can be
plugged into the reconstruction workflow between the homology-based generation of
a draft metabolic network and the gap-filling algorithm. We provided the additional
command line option “-c cpd00007:0” to ensure that the predicted medium does not

contain oxygen (compound identifier: cpd00007). The algorithm for medium prediction
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tests which pathways and reactions are absent or present in the draft metabolic model.
Whether a particular compound is added to the medium is decided using logical
expressions that include variables for the presence (TRUE) and absence (FALSE) of
pathways and reactions within the design network (see Supplementary Table S6 for
all compounds and their logical expressions). For example, the disaccharide lactose
(ModelSEED ID: cpd00208), has the logical expression ("LACTOSECAT-PWY" |
"LACTOSEUTIL-PWY" | "BGALACT-PWY"), which means, that lactose is added to the
medium if one of three known lactose degradation pathways as defined in
MetaCyc[148] is already present in the draft network. In particular, for amino acids, the
medium prediction module uses a similar approach to the auxotrophy prediction tool
GapMind[114], which tests if a known biosynthetic pathway for a specific amino acids
exists based on sequence homology. The amino acid biosynthetic pathways that are
considered are also those that are defined in MetaCyc[148]. For instance, if none of
the five known biosynthesis pathways in  prokaryotes for lysine
(https://metacyc.org/META/NEW-IMAGE?type=PATHWAY &object=LYSINE-SYN) is
found, lysine is added to the gap-filling medium.

The medium prediction module of gapseq considered 74 compounds (Supplementary
Table S6), including inorganic compounds, carbohydrates, amino acids, other
carboxylic acids, and vitamins. Most of those potential nutrients are also compounds
that can be found in the growth environment of colonic microorganisms, such as fibers
(e.g., pectin, inulin), other dietary compounds (e.g., sulfoquinovose, daidzein),
constituents of the mucins (e.g., N-acetylneuraminate, N-acetylneuraminate) and
inorganics (e.g., Ha, H2S, H20).

Besides the enumeration of available nutrients, a gap-filling medium requires their
individual maximum uptake rates by the microorganism. The medium prediction

implemented in gapseq uses rates commonly used in manually curated genome-scale
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metabolic network models, e.g., 0.1 mmol*gDW "*hr™ for amino acids or 5 mmol*gDW"
"*hr! for monosaccharides. In the case of oligo- and polysaccharides, the maximum
uptake rates are scaled to allow the same uptake rate per subunit (e.g., 5 mmol*gDW"
"hr for the monosaccharide D-glucose and 2.5 mmol*gDW "*hr for the disaccharide

maltose).

Validation of auxotrophy predictions

To validate our in silico predicted auxotrophies, we collected the genome sequences
from NCBI RefSeq for 36 bacterial strains for which experimental data were available
on amino acid auxotrophies/prototrophies. The majority of these strains were already
summarized previously[79]. In that study, the authors even list more than the 36 strains
we analyzed here. This is because we excluded cases where we could not find a
genome assembly of the exact strain used in the referenced experimental study.
Moreover, we excluded the entries for species belonging to the genus Bifidobacterium
since their auxotrophy for cysteine is ambiguous: Some studies report cysteine as an
essential nutrient for growth[270], [271], while genomic analysis and genome-scale
metabolic modeling indicated the presence of cysteine biosynthetic pathways[272],
[273]. This ambiguity most likely stems from the fact that cysteine biosynthesis in
Bifidobacterium species depends on the available sulfur source[272]. Genomic
analysis of Bifidobacterium bifidum PRL2010, for instance, suggested the strain’s
inability to use sulfate as a sulfur source, while hydrogen sulfide or methionine could
potentially serve as a sulfur source for the biosynthesis of cysteine[270], [272].
Genome-scale metabolic models for all 36 strains were reconstructed as described
above. Auxotrophies were predicted with the method described in the main manuscript.
In addition to the gapseq-reconstructed models, we also predicted auxotrophies for 20

of the 36 bacterial strains using genome-scale models from the AGORAZ2
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collection[113] (Supplementary Table S2). Auxotrophies were predicted in the same
manner as for gapseq models. In contrast to the gapseq models, which can contain
only free amino acids and not peptides in the predicted medium, some AGORAZ2
models have exchange reactions with lower bounds < 0 for dipeptides. In those cases,
and for predicting the auxotrophy status for amino acid x, we changed the lower bound
to O for all exchange reactions of dipeptides involving amino acid x. At the same time,
we introduced a new inflow reaction of the non-x amino acid moiety to the model to
predict only the essentiality of x and not of the other amino acids in the respective
peptides. The sensitivity, specificity, and accuracy of auxotrophy predictions were
calculated for gapseq models (n=36) and AGORA2 models (n=20).

As an additional auxotrophy prediction validation step, 124 genome-scale metabolic
models were reconstructed for bacterial strains that were reported by Price, 2023, to
be able to grow in a defined growth medium containing no amino acids[147]. Thus,
these 124 organisms are known amino acid prototrophs and can be used to estimate
the rate of false auxotrophy predictions. The original publication by Price reported 127
genomes of prototrophs; however, 3 of the corresponding genome assemblies
(GCF_000014265.1, GCF_000020545.1, GCF_900188395.1) were suppressed on
RefSeq at the time we performed the analysis in March 2023. Auxotrophies for the 124
genome assemblies of this prototroph collection were predicted as described above,

and results are summarized in Supplementary Table S3.

Metagenome data processing

Metagenomic reads were subject to quality control and filtering using the ‘qc’ workflow
from the metagenome-atlas pipeline tool v2.9.0[173]. In detail, reads were (i)
deduplicated, (ii) quality filtered, and (iii) decontaminated. Modules from the BBmap

suite v37.99 (BBMap - Bushnell B. - sourceforge.net/projects/bbmap/) were used for
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all three steps. In the deduplication step (i), the BBmap module clumpify.sh was used
with the parameters “dedupe=t dupesubs=2", which removed duplicate reads with a
maximum of 2 substitutions between duplicates. The quality filter (ii) employed the
BBmap module bbduk.sh with the parameters “hdist=1 ktrim=r mink=8 trimg=10
gtrim=rl minlength=51 maxns=-1 minbasefrequency=0.05" and otherwise default
options. This quality filter trimmed reads from the right if adapter sequences were
detected, trimmed reads on both sides from the first base with a quality score below
10, removed sequences that were shorter than 51 bp after trimming, removed
sequences with ambiguous base calls (i.e., “N”s), and removed reads if any base had
a frequency of less than 5%. Finally, reads that are likely contaminations from the
human host genome or lllumina PhiX sequences were removed using the BBmap
module bbsplit.sh using the option “maxratio=0.65" and otherwise default
parametrization. This tool tested if specific reads mapped to the host genome or PhiX
sequences based on sequence similarity and mapped reads were discarded from the
sample’s fastq files. For the decontamination step (iii), the human reference genome
assembly ‘Genome Reference Consortium Human Build 38’ (GRCh38) was used, in
which low entropy regions (entropy < 0.7) were masked using the bbmask.sh tool
within the BBmap suite. Moreover, regions that display high similarity to prokaryotic
rRNA genes were additionally masked. To this end, prokaryotic small and large subunit
rRNA gene sequences were retrieved from SILVA version 138.1[274] and shredded
into shorter (80 bp) sequences with 40 bp overlaps using shred.sh. Shredded
sequences were aligned to GRCh38 with a minimum identity of 85% and maximum
indel length of 2 bp. Regions in GRCh38 with alignment hits were masked.

As mentioned in the main manuscript, we used the Human Reference Gut Microbiome
‘HRGM’ catalog[146] as reference genomes for quantifying representative microbial

genomes in the metagenomic data sets. We had chosen this collection, as it was the
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latest published human gut microorganism genome collection when we were finalizing
the results of the present study. Furthermore, the HRGM collection contains 780
species-level representative genomes, which were absent in previous genome
collections and assembled from metagenome samples from before under-represented
Asian countries, namely Korea, Japan, and India. For each metagenome sample, the
relative abundance of HRGM genomes was estimated using coverM[174] v0.6.1 with

default parametrization of the module "coverm genome’.

Targeted metabolomics of blood samples

Serum samples were collected using serum s-monovette (9ml, Sarstedt, Germany).
Samples were incubated upright at RT for 30 min. and centrifuged (10 min., 2000 x g).
Serum was aliquoted in 500l tubes and stored at -80°C. Metabolite quantification for
serum was performed by liquid chromatography tandem mass spectrometry (LC-MS-
MS) using the MxP Quant 500 kit (Biocrates Life Sciences AG, Innsbruck, Austria)
according to the manufacturer's instructions. The MxP Quant 500 kit simultaneously
measures 630 metabolites covering 14 small molecule and 12 different lipid classes.
It combines flow injection analysis tandem mass spectrometry (FIA-MS/MS) using
SCIEX 5500 QTrap mass spectrometer (SCIEX, Darmstadt, Germany) for lipids and
liquid chromatography tandem mass spectrometry (LC-MS/MS) using Agilent 1290
Infinity Il liquid chromatography (Santa Clara, CA, USA) coupled with a SCIEX 5500
QTrap mass spectrometer for small molecules using multiple reaction monitoring
(MRM) to detect the analytes. Data evaluation for serum metabolite concentrations
and quality assessment was performed with the software SCIEX Analyst software
(Version 1.7.2) and the MetIDQ™ software package (Oxygen-DB110-3023), which is

an integral part of the MxP Quant 500 kit.
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For downstream statistical analysis, the serum metabolome data were pre-processed
by imputing missing specific values using a random forests approach as implemented
in the R-package ‘missForest’ and the function with the same name in default
parametrization [275]. This imputation was limited to missing values for metabolites,
which have less than 20% missing values across the data set.

With a partial Spearman correlation, the association between the frequency of
auxotrophic bacteria and serum metabolites and other hematology parameters from
the DZHK cohort was evaluated [276]. We adjusted for the potential confounders sex,
age, and BMI. p values were corrected for multiple testing using the False Discovery

Rate (FDR) method.
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Supplementary Figure 1: Association between the number of auxotrophies and the
genome completeness

Estimated genome completeness and the predicted number of auxotrophies for 3 687
genomes of representative species from the Human Reference Gut Microbiome (HRGM)

collection [14]. The blue line shows the regression line (p =-0.50, p < 2.2e-16).
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Supplementary Figure 2: Validation of in silico predicted auxotrophies with
experimental auxotrophies

Percentage of in silico predicted prototrophies with metabolic modeling in 124 genomes known
to be prototrophic [11] from laboratory experiments (grey bars). The red dots indicate the

frequency of prototrophies among 3 687 genomes from human gut bacteria [14].
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Supplementary Figure 4: Number of auxotrophies for every phylum

Other is a category that combines different phyla with a lower abundance in the overall HRGM
catalogue [14] and for a reduction of complexity.
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Supplementary Figure 5: Missing enzymes in amino acid biosynthesis pathways

The bar plots display the abundance of missing enzymes in the biosynthesis pathways for
several amino acids and BCAA biosynthesis pathways in auxotrophic bacteria. The order of
the enzymes in the bar plots represents the one in the pathway. (A) Missing enzymes in the
tryptophan pathway of tryptophan auxotrophic bacteria, (B) Missing enzymes in the histidine
pathway of histidine auxotrophic bacteria, (C) Missing enzymes in the chorismate pathway of
chorismate auxotrophic bacteria, (D) Missing enzymes in the serine pathway of serine
auxotrophic bacteria, (E) Comparison of the BCAA pathways of isoleucine, leucine, and valine
auxotrophic bacteria, the colors indicate which enzymes are shared in the biosynthesis

pathways, the definition of the pathways are based on MetaCyc.
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Supplementary Figure 6: Amino acid auxotrophies predicted with varying genome
completeness levels

Relative abundance of predicted amino acids auxotrophs depending on the completeness
cutoff for reference genomes from the HRGM catalog. Four different genome completeness
cutoffs were tested: 80% (A), 85% (B, same as Figure 4A), 90% (C), and 95% (D). The results
indicate that the distribution of the relative abundance of predicted amino acid auxotrophies

was stable with respect to the chosen completeness cut-off for reference genome filtering.
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Supplementary Figure 7: Spearman correlation between the dietary intake of amino
acids and the frequency of amino acid auxotrophic bacteria in the gut microbiomes
(A) at the beginning of the study, (B) at the end of the study (3 years later). No statistically

significant associations were found (FDR-corrected p value >0.05).
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Supplementary Figure 8: Percentage of quality-controlled metagenomic reads from
three cohorts (this study, Troci et al. 2022 [150], and Chen et al. 2021 [151]) to reference

genomes from the HRGM catalog.
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Supplementary Tables
Supplementary Table 1: Auxotropy prediction for HRGM models

The data set about auxotrophy prediction of reconstructed genome-scale metabolic models of HRGM genomes is freely accessible via the online
supporting documentation of the article Starke et al. 2023, The ISME Journal. https://doi.org/10.1038/s41396-023-01537-3.
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Supplementary Table 2: Validation of in silico predicted auxotrophies with experimentally verified auxotrophies in human gut bacteria.
Explanation of three columns for amino acid prediction: Auxotrophy is indicated by 0 and prototrophy is indicated by; first column: experimentally
verified auxotrophy, second column: auxotrophy prediction with gapseq model, third column: auxotrophy prediction with AGORA2 model

Taxo-

Human gut bacteria | Strain nomy ID AGORA2 model ID GCF-Number Ala Val Met Leu lle Pro Trp

Akkermansia Akkermansia_muciniphila_ ATCC_B | GCF_0000202

muciniphila ATCC BAA-835 349741 | AA 835 25.1 1 1 |1 1 1 1 1 1 |1 1 1 111
GCF_0000092

Clostridioides difficile 630 272563 | Clostridioides_ difficile 630** 05.2 1 0 (1 1 11 0 |1 0 [1 0|0 0]0

Clostridium Clostridium_perfringens_ATCC_13 | GCF_9004613

perfringens NCTC10240 1502 | 124 95.1 1 010 0|0 0|0 010 111 00

Enterococcus Enterococcus_faecalis OG1RF_AT | GCF_0001725

faecalis OG1RF 474186 | CC_47077 75.2 1 0|0 0 [1 010 0|0 110 00

Faecalibacterium GCF_0002098

prausnitzii SL3/3 657322 55.1 1 1 |1 1 1 1 1 1 |1 1 1 0|0

Fusobacterium GCF_0005235

nucleatum 13 3C 1357398 | Fusobacterium_nucleatum 13 3C | 55.1 1 1 |1 111 111 1 |1 110 110

Fusobacterium GCF_9006377

varium ATCC 8501 856 05.1 1 111 110 110 1 |1 1 1 1]0
GCF_0003077

Helicobacter pylori 26695 85962 | Helicobacter_pylori_26695 95.1 1 0|0 0|0 0|0 1 |1 0|0 111

Lactobacillus GCF_0001947

paracasei LC2W 999378 | Lactobacillus paracasei LC2W 85.1 1 0|0 110 0|0 0 [1 110 01

Lactobacillus subsp. lactis GCF_0004096

delbrueckii CRL581 1269760 75.1 1 0|0 0 [1 010 0|0 111 00

Lactobacillus GCF_0004221

helveticus CNRZ32 326425 65.1 1 0|0 010 010 0|0 010 110

Lactobacillus GCF_0002038

plantarum WCF$S1 220668 | Lactobacillus plantarum WCFS1 55.3 1 0|0 111 0|0 0|0 110 111

Listeria GCF_0001686

monocytogenes 10403 393133 | Listeria_monocytogenes_10403S 95.2 1 111 0 [1 11 111 11 111
GCF_0001930

Moraxella catarrhalis O35E 857571 | Moraxella catarrhalis O35E 85.1 1 1 |1 111 111 1 |1 111 111

Mycobacterium Mycobacterium_tuberculosis_H37R | GCF_0001959

tuberculosis H37Rv 83332 |v 55.2 1 1 |1 1 1 1 1 1 |1 1 1 111

Roseburia A2-194 (DSM Roseburia_inulinivorans_DSM_168 | GCF_0207315 N N N N N 0

inulinivorans 16841) 622312 |41 25.1 1 A* |1 A* |1 A* |1 A* |1 A* |1 *10
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Taxonomy

Human gut bacteria Strain ID AGORA2 model ID GCF-Number Ala Val Met Leu lle Pro Trp
Streptococcus GCF_00001270
agalactiae A909 205921 | Streptococcus_agalactiae_A909** | 5.1 1|1 0|0 0|0 0|0 0|0 110 0]0
Streptococcus LMG Streptococcus_thermophilus LMG | GCF_00001182
thermophilus 18311 264199 | 18311 5.1 1 |1 1 |1 1 1 1 |1 1 |1 1 |1 111
Subdoligranulum DSM Subdoligranulum_variabile_DSM_ | GCF_02515257 | NA NA NA NA NA NA 0
variabile 15176 21485 | 15176 5.1 * 1 * 1 * 1 * 1 * 1 * 1 *10
DSM Anaerostipes_caccae_ DSM_1466 | GCF_02514600
Anaerostipes caccae 14662 411490 | 2 5.1 1|1 1|1 111 1|1 1 |1 1 |1 111
GCF_00021069
Anaerostipes hadrus SSC/2 649756 | Anaerostipes hadrus DSM 3319 |5.1 1|1 1|1 111 1|1 1|1 1|1 11
GCF_00028053
Clostridium beijerinckii G117 1200349 | Clostridium_beijerinckii_G117 5.1 1 [1 1 [1 11 1 [1 1 [1 1|1 11
DSM Clostridium_butyricum_DSM_1070 | GCF_00040975
Clostridium butyricum 10702 1316931 |2 5.1 1 |1 1 |1 1 1 1 |1 1 |1 1 |1 11
Clostridium FAM2255 GCF_00081658
tyrobutyricum 2 1519 5.1 1 |1 1 |1 1 1 1 |1 1 |1 1 |1 111
Clostridium FAM2255 GCF_00081663
tyrobutyricum 3 1519 5.1 1 |1 1 |1 1 1 1 |1 1 |1 1 |1 111
Clostridium Clostridium_tyrobutyricum_UC708 | GCF_00033201
tyrobutyricum UC7086 1212547 | 6** 5.1 1 |1 1 |1 1 1 1 |1 1 |1 1 |1 11
Clostridium ATCC Clostridium_tyrobutyricum_DSM_2 | GCF_00035958
tyrobutyricum 25755 1121342 | 637 5.1 1 |1 1 |1 1 1 1 |1 1 |1 1 |1 111
DSM GCF_00017397
Eubacterium hallii 3353 411469 | Eubacterium_hallii DSM_3353 5.1 1 |1 1 |1 1 1 1 |1 1 |1 1 |1 111
GCF_00140681
Roseburia faecis M72/1 451638 | Roseburia_faecis M72 5.1 1 |1 1 |1 1 1 1 |1 1 |1 1 |1 11
GCF_90053799 NA NA NA NA NA 1
Roseburia intestinalis L1-82 536231 | Roseburia_intestinalis L1 _82** 5.1 1* |1 * 1 * 1 * 1 * 1 * 1 * 11
GCF_00020999 NA NA NA NA NA 1
Roseburia intestinalis M50/1 657315 5.1 1* |1 * 1 * 1 * 1 * 1 * 1 * 11
NCTC Bacteroides_fragilis NCTC_9343* | GCF_00002598
Bacteroides fragilis 9343 272559 | * 5.1 1 |1 1 |1 1 1 1 |1 1 |1 1 |1 11
ATCC Bacteroides_vulgatus_ ATCC_848 | GCF_00001282
Bacteroides vulgatus 8482 435590 | 2** 5.1 1 |1 1 |1 1 1 1 |1 1 |1 1 |1 11
Bacteroides Bacteroides_thetaiotaomicron_VPI | GCF_00001106
thetaiotaomicron VPI-5482 226186 | _5482** 5.1 1 |1 1 |1 1 11 1 |1 1 |1 1 |1 111
ATCC Parabacteroides_distasonis_ ATCC | GCF_00001284
Bacteroides distasonis 8503 435591 | 8503** 5.1 1|1 1|1 111 1|1 1|1 1 |1 111
Streptococcus GCF_02040424
thermophilus ST13 1308 5.1 1 |1 1 |1 1 1 1 |1 1 |1 1 |1 111
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Phe Lys Arg His Tyr Thr Glu Gin Gly Ser Cys Asp Asn Ref
NA* 111 1* [T INA 1] 1] 1" 1] 1T|NA*J1T{1T|NA* 11| NA* |11 NA*[1]1T|NA* [1[1|NA* 1|0 NA*|1[1[NA*[1]1]|NA*|1]1 32665271
0O |10(-]| 0 |O|-] O [O]-| O |O[=] O |O|=| 1 J1]=] O J1 =] 1 J1]—=| 1 J1|=] 1 J1[=] O J1]-| 1 J1|=] 1 J1]- 342537
1 110 1 (11 1 (1]1] 0 jJojo| 1 [1{1[ 1 {1 (1] 1 (1)1 1 11 1t 1101 111 11 1 117 1 1)1 19346354
NA* | 1 NA* J1[1T|NA* 11| NA*[1[1] 0* [1JO|NA*|1[1T|NA*[ 1|1 NA*|1[1[NA* |11 NA* 1] 1[NA* 1|1 |NA*|1]1|NA* |11 32665271
1T 11 1o 4 (a1t e 1 1111 32665271
1T 111 1o 1 (11 1t joj1p 1 (111t {111 (11t it gt 1 ol 1 1t 1t 1 11 32665271
AR A N A N A A A I A A e A 27375262
AR A A N A N A A A I A A e A 27375262
O I e O T I T 1 1 I 0 et I T e T T 1 e I e e e I T I 0 e T O I B e Y Y V74
O I e O T e T 1 1 I et I T e T 1 1 T I e e e I T I 0 e T O I B R Y Y V74
O I e O T e T 1 1t I e I T e T 1 1 e I e e e I T I 0 e T O I B e Y Y V74
1T 111 111 (1o 1 1t ot 1 gttt ot i 1t 1t 1 11 27375262
S I I e e T e 1 I e I e e T I e T e e e e e I I T I 0 I O O I R O <2< v
A A R N A A A I A A e A 32665271
NA* 1] =] 1" |1 |[=[NA* 1] 1" |1 || NA" 1| |NA* |1 |NA* |1 |- |NA* |1 |- [NA* |1 || NA* |1 |- |NA* |1 |- |[NA* |1 |- |NA* |1|- 32665271
NA* |1 -] 1* |1 |[=|NA*|1|—-] 1* |1 || NA" 1| |NA* |1 |NA*" |1 |- |NA* |1 |- |NA* |1 || NA* |1 |- |NA" |1 |- |NA* |1 |- |NA* | 1| 32665271
1 10— 1 (1= 1 (1= 1t 1 {=0 1t 1= 1t {1= 1 [1|=]1 1 1= 1t 1= 1t {1|- 1 j1|-1 1 [1]-11|1]- 4853401
1T = 1 1= 1 (1= 1t 1= 1t =01t {1= 1 1= 1 1= 1t =0 1t (1= 1 j1|-1 1 [1]-11]1]- 4853401
1T = 1 1= 1 (1= 1t 1= 1t =01t {1= 1 1= 1 1= 1t =0 1t (1= 1 j1|-1 1 [1]-11]1]- 4853401
1T = 1 1= 1 (1= 1t 1= 1t =01t {1= 1 1= 1 1= 1t =0 1t (1= 1 i1|- 1 [1]-11]1]- 4853401
1T =01 =11 1= 1t 1=t =01t (1= 1 1= 1 1= 1t 1= 1t {1j- 1 (1= 1 1= 1 |1]- 9841662

*: Only some amino acids were tested in the reference study. Therefore, conclusions about auxotrophies/prototrophies for other amino acids cannot be drawn. All non-tested amino
acids have an NA.

**: the model files are incorrect and therefore an auxotrophy prediction was not possible

—: No prediction for AGORAZ2 is possible, either because the AGORAZ2 collection does not contain a model for the corresponding strain or the SBML model file was not readable
due to formatting issues (see **).
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Supplementary Table 3: Auxotrophy prediction for AGORA2 models

The data set about auxotrophy prediction for AGORA2 models is freely accessible via the online supporting documentation of the article Starke et
al. 2023, The ISME Journal. https://doi.org/10.1038/s41396-023-01537-3.
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Supplementary Table 4: Auxotrophy prediction for 124 prototrophic genotypes (Price 2022, doi: 10.1038/s41559-022-01936-3)

Ala

Val

Met

Leu

lle

Pro

Trp

Phe

Lys

Arg

His

Tyr

Thr

Glu

Gin

Gly

Ser

Cys

Asp

Asn

Genomes

GCF_000006985.1

Chlorobaculum thiosulfatiphilum

GCF_000008325.1

Methylococcus capsulatus

GCF_000008765.1

Clostridium acetobutylicum

GCF_000010525.1

Azorhizobium caulinodans

GCF_000011905.1

Dehalococcoides mccartyi

GCF_000012925.1

Geobacter metallireducens

GCF_000012965.1

Sulfurimonas denitrificans

GCF_000013085.1

Rhodospirillum rubrum

GCF_000013325.1

Novosphingobium aromaticivorans

GCF_000015045.1

Pelobacter propionicus

GCF_000015305.1

Mycolicibacterium vanbaalenii

GCF_000015505.1

Polaromonas naphthalenivorans

GCF_000015585.1

Halorhodospira halophila

GCF_000016185.1

Rhodospirillum centenum

GCF_000016505.1

Clostridium kluyveri

GCF_000016745.1

Geotalea uraniireducens

GCF_000016765.1

Rhizorhabdus wittichii

GCF_000017145.1

Sinorhizobium medicae

GCF_000017645.1

Xanthobacter autotrophicus

GCF_000018545.1

Sinorhizobium fredii

GCF_000019165.1

Heliomicrobium modesticaldum

GCF_000019845.1

Beijerinckia indica

GCF_000020025.1

Nostoc punctiforme

GCF_000020045.1

Paraburkholderia phymatum

P o N o o P N o o [ I N o o o o o I P o U O U O

RN P P N U U P U P O PN LN PG P N =N > T [y Gy DUy U G G N N P U =N U N

N P N [T N PSS I [T U [P [P N [N O [Py U N N U [P U N N N N U U U N PN

o N o o P N o N o [ N I N I o o o o P P N O U O

I e N e o I o I [ N I I o I o I I o T P N N U U O O N

I e e P I e I [ I I o [T N [P [ S P o N N = O O O =N

I P e o I N o o [ N I N I P e I o N G P o P P O U U U O

I P e o I N o o [ N I N I P e I o N G P o P P O U U U O

I N e I e T e I I N I I I I o N PSS G N N N N U U U N PN

I N e I e T e I I N I I I I o N PSS G N N N N U U U N PN

I e N e o I o I [ N I I o I o I I o T P N N U U O O N

I e e I I e P o N e [ P I o e e I N o o I N N = U O O O

I e e I I e P o N e [ P I o e e I N o o I N N = U O O O

I e N e o I o I [ N I I o I o I I o T P N N U U O O N

B e I B N e N I N B e e I I e N e N = N [ I e N e N e T - T - Y == N P N (PSS N P N I N S N

I o e o I e I [ N I G I e N [T N [P o [ N P o I N = O O O =

I e e I I T I I N I o I N [ I I N [T N N o I N = U U U O N

I e e I I T I I N I o I N [ I I N [T N N o I N = U U U O N

GCF_000020385.1

Trichlorobacter lovleyi

122




Ala| Val | Met| Leu | lle| Pro| Trp | Phe | Lys | Arg | His | Tyr | Thr | Glu | GIn | Gly | Ser | Cys | Asp | Asn | Genomes
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000020465.1 | Chlorobium limicola
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000020505.1 | Chlorobaculum parvum
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000020625.1 | Prosthecochloris aestuarii
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000021485.1 | Acidithiobacillus ferrooxidans
1 1 0 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000021545.1 | Sulfurihydrogenibium azorense
1 1 0 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000021565.1 | Persephonella marina
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000021745.1 | Methylocella silvestris
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000021925.1 | Desulfitobacterium hafniense
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000022085.1 | Methylobacterium nodulans
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000023025.1 | Teredinibacter turnerae
1 1 0 11 1 1 1 1 1 1 0| O 1 1 1 1 1 1 1 1| GCF_000023265.1 | Acidimicrobium ferrooxidans
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000024385.1 | Thermomonospora curvata
1 1 1 11 1 0 1 1 1 1 1 1 1 1 1 1 0 1 1 1| GCF_000024605.1 | Ammonifex degensii
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000025485.1 | Allochromatium vinosum
1 1 0 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000025605.1 | Thermocrinis albus
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000025725.1 | Denitrovibrio acetiphilus
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000025945.1 | Desulfotalea psychrophila
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000058485.1 | Frankia alni
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000092045.1 | Rhizobium etli
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000092245.1 | Arcobacter nitrofigilis
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000092905.1 | Kyrpidia tusciae
1 1 1 1 1 1 1 1 1 1 1 1 0 1 1 1 1 1 1 1| GCF_000143965.1 | Desulfarculus baarsii
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000166055.1 | Rhodomicrobium vannielii
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1 1| GCF_000170735.1 | Caminibacter mediatlanticus
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000183405.1 | Calditerrivibrio nitroreducens
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000183725.1 | Sulfuricurvum kujiense
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Ala| Val | Met| Leu | lle| Pro| Trp | Phe | Lys | Arg | His | Tyr | Thr | Glu | GIn | Gly | Ser | Cys | Asp | Asn | Genomes
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000185805.1 | Thermovibrio ammonificans
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000185905.1 | Mesorhizobium ciceri
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000186245.1 | Nitratifractor salsuginis
1 1 1 11 1 1 1 1 1 1 1 1 0 1 1 1 1 1 1 1] GCF _000195295.1 | Desulfobacca acetoxidans
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000195775.1 | Rhodopseudomonas palustris
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000204645.1 | Alicycliphilus denitrificans
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000214665.1 | Methylomonas methanica
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000214825.1 | Thiomicrospira cyclica
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000215085.1 | Desulforamulus ruminis
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000227685.2 | Thioalkalivibrio paradoxus
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000244975.1 | Saccharomonospora cyanea
1 1 0 1] 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000284315.1 | Leptospirillum ferrooxidans
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF _000310185.1 | Thauera aminoaromatica
1 1 0 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF _000341125.1 | Nocardiopsis lucentensis
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000372865.1 | Methylosarcina fibrata
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000375485.1 | Desulfovibrio oxyclinae
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000378965.1 | Thioalkalivibrio thiocyanodenitrificans
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000381085.1 | Thiomicrorhabdus arctica
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000384075.1 | Methylovulum miyakonense
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000384235.1 | Hydrogenovibrio halophilus
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000385335.1 | Methyloferula stellata
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000421465.1 | Methylohalobius crimeensis
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000422285.1 | Desulfatiglans anilini
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000423825.1 | Thermithiobacillus tepidarius
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000425265.1 | Maridesulfovibrio zosterae
1 1 1 11 1 1 1 0 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000427445.1 | Methylocapsa acidiphila
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Ala| Val | Met| Leu | lle| Pro| Trp | Phe | Lys | Arg | His | Tyr | Thr | Glu | GIn | Gly | Ser | Cys | Asp | Asn | Genomes
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF _000428045.1 | Sedimenticola selenatireducens
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000429905.1 | Desulfatibacillum aliphaticivorans
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000429965.1 | Desulfogranum mediterraneum
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000429985.1 | Maridesulfovibrio bastinii
1 1 0 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000430725.1 | Azohydromonas australica
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000482785.1 | Derxia gummosa
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000483485.1 | Thiomicrorhabdus chilensis
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000519045.1 | Dechloromonas agitata
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000526715.1 | Hydrogenovibrio kuenenii
1 1 0 11 1 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000527155.1 | Haloglycomyces albus
1 1 0 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000619805.1 | Sulfurihydrogenibium subterraneum
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000621325.1 | Thiothrix lacustris
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000711195.1 | Thiomicrospira pelophila
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000711315.1 | Hydrogenovibrio marinus
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000745425.1 | Beijerinckia mobilis
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF _000745855.1 | Xenophilus azovorans
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000745975.1 | Desulfobacter vibrioformis
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000746085.1 | Methylocapsa aurea
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000828635.1 | Sulfuritalea hydrogenivorans
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000934765.1 | Thiomicrospira microaerophila
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000967895.1 | Oleispira antarctica
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000968535.2 | Methylotuvimicrobium alcaliphilum
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_000969705.1 | Nitriliruptor alkaliphilus
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_001189915.1 | Herbaspirillum autotrophicum
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_001431535.1 | Stenotrophomonas chelatiphaga
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_001484605.1 | Pseudarthrobacter sulfonivorans
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Ala| Val | Met| Leu | lle| Pro| Trp | Phe | Lys | Arg | His | Tyr | Thr | Glu | GIn | Gly | Ser | Cys | Asp | Asn | Genomes
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_001541235.1 | Hyphomicrobium sulfonivorans
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_001579945.1 | Steroidobacter denitrificans
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_001592305.1 | Hydrogenophaga taeniospiralis
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_001995255.1 | Thioalkalivibrio halophilus
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_002000365.1 | Thioalkalivibrio denitrificans
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_002019605.1 | Alkalihalobacterium alkalinitrilicum
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_002117405.1 | Methylocystis bryophila
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_002151265.1 | Halomonas desiderata
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF _900100495.1 | Pseudomonas benzenivorans
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_900102855.1 | Thiohalomonas denitrificans
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_900107645.1 | Desulfuromusa kysingii
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_900111775.1 | Desulfuromonas acetexigens
1 1 1 11 1 1 1 1 1 1 1 1 0 1 1 1 1 1 1 1| GCF_900114975.1 | Thermodesulforhabdus norvegica
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_900115975.1 | Desulfoscipio geothermicus
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_900129305.1 | Desulfacinum infernum
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_900141795.1 | Sulfurivirga caldicuralii
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_900142125.1 | Malonomonas rubra
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_900167125.1 | Paucidesulfovibrio gracilis
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_900176045.1 | Nitratiruptor tergarcus
1 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_900176285.1 | Desulfacinum hydrothermale
1 1 0 11 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1| GCF_900188115.1 | Haloechinothrix alba
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Supplementary Table 5: Abbreviations used in Figure 8

Abbreviation

Definition

TMAO

Trimethylamine N-oxide

TRPBetaine Tryptophan betaine
t4-OH-Pro trans-4-Hydroxyproline
SDMA Symmetric dimethylarginine
ProBetaine Proline betaine

alpha-AAA alpha-Aminoadipic acid
ADMA Asymmetric dimethylarginine
AABA alpha-Aminobutyric acid
3-Met-His 3-Methylhistidine

1-Met-His 1-Methylhistidine

TMCA Tauromurocholic acid

TDCA Taurodeoxycholic acid
TCDCA Taurochenodeoxycholic acid
TCA Taurocholic acid

GUDCA Glycoursodeoxycholic acid
GLCAS Glycolithocholic acid sulfate
GLCA Glycolithocholic acid

GDCA Glycodeoxycholic acid
GCDCA Glycochenodeoxycholic acid
GCA Glycocholic acid

DCA Deoxycholic acid

GABA Gamma-Aminobutyric acid
p-Cresol-SO4 p-Cresol sulfate

FA(18:2) Octadecadienoic acid

EPA Eicosapentaenoic acid (FA(20:5 Omega3)
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Abbreviation

Definition

DHA

Docosahexaenoic acid (FA(22:6 Omega3)

AA Arachidonic acid (FA(20:4 Omega6)
DHEAS Dehydroepiandrosterone sulfate
Ind-SO4 Indoxyl sulfate

3-IPA 3-Indolepropionic acid

3-1AA 3-Indoleacetic acid
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Supplementary Table 6: Logical expression used as rules to decide the absence/presence of specific compounds in a genome-specific
gap filling medium*

Compound | Uptake bound

Compound name Id [mmol/(gDW*hr)] Rule

Inorganic compounds

Water cpd00001 100 | TRUE

Sodium cpd00971 10 | TRUE

K+ cpd00205 10 | TRUE

Cl- cpd00099 10 | TRUE

Fe2+ cpd10515 10 | TRUE

Fe3+ cpd10516 0.1 | TRUE

Phosphate cpd00009 10 | TRUE

Co2+ cpd00149 10 | TRUE

Mg2+ cpd00254 10 | TRUE

Ni2+ cpd00244 1| TRUE

Sulfate cpd00048 10 | TRUE

H2S cpd00239 1| TRUE

Zn2+ cpd00034 10 | TRUE

Cu2+ cpd00058 10 | TRUE

Mn2+ cpd00030 10 | TRUE

Ca2+ cpd00063 10 | TRUE

Ammonium cpd00013 10 | I("N2FIX-PWY" | "PWY-7576")

N2 cpd00528 25 | "N2FIX-PWY" | "PWY-7576"

02 cpd00007 12.5 | "PWY-3781" | "PWY1YI0-3" | "PWY-7279" | "PWY1YI0-6"
"PWYO0-1565" | "PWY0-1561" | "PWYO0-1544" | "PWY-7545" | "PWY-7544" | "PWY0-1353" |

02 cpd00007 12.5 | "PWY0-1329"

02 cpd00007 12.5| "PWY0-1334" | "PWY0-1568" | "PWY0-1335" | "PWY0-1567"
"CALVIN-PWY" | "CODH-PWY" | "PWY-5789" | "PWY-7784" | "LWP-GS" |

CcOo2 cpd00011 25 | "METHANOGENESIS-PWY"
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Compound name

Compound
Id

Uptake bound
[mmol/(gDW*hr)]

Rule

H2 cpd11640 100 | "CODH-PWY" | "LWP-GS" | "METHANOGENESIS-PWY" | "PWY-7867"
Photons cpd11632 50 | "PWY-101"

Carbohydrates

D-Glucose cpd00027 5| rxn05226 | rxn08612

D-Glucose cpd00027 5| xn05573 | rxn08616

D-Glucose cpd00027 5| xn05147 | rxn08606

D-Fructose cpd00082 5 | xn05560 | rxn08536

Lactose cpd00208 2.5 | "LACTOSECAT-PWY" | "LACTOSEUTIL-PWY" | "BGALACT-PWY"
Starch (n=27) cpd90003 0.18 | rxn90043 & rxn90034

Maltose cpd00179 2.5 | "MALTOSECAT-PWY"

2'-Fucosyllactose cpd90001 1.67 | "2FLHYD"

Pectin cpd27519 1.67 | "PWY-7246" | "PWY-7248"

Melitose/Raffinose cpd00382 1.67 | xn05643 & (rxn00818 | rxn34781)

Sucrose cpd00076 2.5 | "SUCUTIL-PWY" | "PWY-621" | "PWY-5384" | "SUCROSEUTIL2-PWY"
Inulin cpd28763 0.42 | "INULIN-DEGRADATION-EXQO"

N-acetylneuraminate cpd00232 5| "PWY0-1324" & "GLUAMCAT-PWY"

N-Acetyl-D-glucosamine cpd00122 5 | "GLUAMCAT-PWY" & (rxn05485 | rxn08041)

Xylan-b-1-4 cpd90021 0.01 | "PWY-6717"

Amino acids and Chorismate

L-Tryptophan cpd00065 0.1 [ /("TRPSYN-PWY2" | "TRPSYN-PWY")

L-Histidine cpd00119 0.1 | I"HISTSYN-PWY"

L-Serine cpd00054 0.1 | I"SERSYN-PWY"

L-Arginine cpd00051 0.1 [ '("ARGSYN-PWY" | "ARGSYNBSUB-PWY" | "PWY-5154" | "PWY-7400")
L-Asparagine cpd00132 0.1 | '("ASPARAGINE-BIOSYNTHESIS" | "ASPARAGINESYN-PWY" | "PWY490-4")
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Compound

Uptake bound

Compound name Id [mmol/(gDW*hr)] | Rule

L-Glutamine cpd00053 0.1 | I"GLNSYN-PWY"

Glycine cpd00033 0.1 [ /("GLYSYN-PWY" | "GLYSYN-ALA-PWY" | "GLYSYN-THR-PWY")

Chorismate cpd00216 0.1 | rxn02213 + (rxn01740 | rxn01741) + (rxn01739 | rxn38708) + rxn02476 + rxn01255 < 3
I("CYSTSYN-PWY" | "PWY-6308" | "HOMOCYSDEGR-PWY" | "PWY-7289" | "PWY-8009" |

L-Cysteine cpd00084 0.1 | "PWY-8010")

L-Isoleucine cpd00322 0.1 | '("ILEUSYN-PWY" | "PWY-5101" | "PWY-5104")

L-Leucine cpd00107 0.1 [ /("LEUSYN-PWY" & (r~xn00003 | rxn33164) & rxn02186 & rxn00898)

L-Lysine cpd00039 0.1 | /("DAPLYSINESYN-PWY" | "PWY-2941" | "PWY-2942" | "PWY-3081" | "PWY-5097")

L-Methionine cpd00060 0.1 [ ("HOMOSER-METSYN-PWY" | "PWY-702" | "HSERMETANA-PWY" | "PWY-7977")
1((rxn01256 & rxn01000 & (rxn00493 | rxn21134 | rxn28060 | rxn38254)) | "PWY-3462" | "PWY-

L-Phenylalanine cpd00066 0.1]7432")

L-Proline cpd00129 0.1 | /("PROSYN-PWY" | "PWY-3341")

L-Threonine cpd00161 0.1 [ '("HOMOSER-THRESYN-PWY" | "THRBIOSYN-GS")

L-Tyrosine cpd00069 0.1 | ("TYRSYN" | "PWY-3461" | "PWY-6120" | "PWY-6134")

L-Valine cpd00156 0.1 | I"VALSYN-PWY"

Vitamins

Pantothenic acid cpd00644 0.025 | I(rxn01791 | rxn16218)

Thiamin cpd00305 0.025 | !(rxn02305 | rxn23042)

Other carboxylic acids and

alcohols

L-Lactate cpd00159 15 | rxn90054

L-Lactate cpd00159 15 | "PWY-5494" | "PWY-8086" | "PWY-8086-GS"

Acetate cpd00029 20 | rxn00875 & rxn00225 & rxn00173 & rxn90001

Acetate cpd00029 25 | "METH-ACETATE-PWY"

Succinate cpd00036 10 | "PWY-5677"

Succinate cpd00036 10 | (rxn00602 | rxn01996) & rxn90096 & rxn09174
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Compound

Uptake bound

Compound name Id [mmol/(gDW*hr)] | Rule

Methanol cpd00116 20 | "CO2FORM-PWY" | "PWY-6966" | "PWY-6510" | "PWY-6509" | "PWY-5506"
Formate cpd00047 20 | "PWY-7868"

Other compounds

sulfoquinovose cpd22614 10 | "PWY-7446" | "PWY-7722"

Gallate cpd01020 10 | "GALLATE-DEGRADATION-II-PWY" | "GALLATE-DEGRADATION-I-PWY" | "P3-PWY"
Quercetin cpd00313 10 | "QUERCETIN-ANAERO-DEG"

Genistein cpd03971 10 | rxn90097

Daidzein cpd07097 10 [ "PWY-6996"

Dimethylsulfide cpd00450 10 | "PWY-5258"

Methanethiol cpd00324 10 | "PWY-5259"

* For column "Rule", terms in quotes refer to pathway identifiers, and terms with the prefix "rxn" refer to specific single metabolic reactions. The individual terms within the logical
expression would translate to TRUE if the pathway/reaction was found by gapseq in the reconstruction steps 'find' or 'find-transport.' Finally, if the full logical expression in column
"Rule" translates to TRUE, the corresponding compound is added to the final gap filling medium with a maximum uptake bound of the value stated in column "Uptake bound".
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